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CHAPTER 1 INTRODUCTION 
1. Background and Motivation 
1.1. Truck Driver Safety and Work Conditions 
Truck drivers have a high probability of suffering from work place hazards. According to 
Smith (2015), 756 truck drivers died due to work-related injuries in the U.S., and more than 65,000 
private sector truck drivers suffered from work-loss occupational injuries in 2012. Smith also points 
out that truck drivers are more than seven times more prone to fatal occupational injuries than the 
average American worker. In the trucking industry, fatal occupational injuries result mainly from 
transportation incidents, typically highway crashes.  
Scholars have tried to analyze the causes of truck crashes. From an economist’s perspective, 
the relationship between drivers’ compensation and safety performance is a particular interest. The 
theory of human capital states that workers’ compensation relates to their human capital, in other 
words, job-related skills(Becker, 1964). Because of this, employers need to offer higher 
compensation to hire more skilled workers. In the context of the trucking industry, the theory of 
human capital predicts that more highly paid drivers have higher driving skills. This suggests that 
more highly paid drivers may have higher safety performance. Moreover, higher compensation 
means larger opportunity cost of poor safety performance. Since truck crashes can damage the 
freight and certainly make it late for delivery, trucking firms may fire drivers when they cause truck 
crashes. In such circumstances, highly compensated drivers lose more money and benefits. This 
being the case, higher compensation may motivate drivers to operate trucks more safely. 
In addition, higher compensation may encourage drivers to work long hours if income 
effect is strong enough. As Belzer and Sedo (2018) show, drivers work fewer hours in response to 
a wage increase if their pay rates are sufficiently high. On the other hand, studies indicate that long 
work hours can harm drivers’ road safety by shortening sleep hours and intensifying fatigue. Lin et 
al. (1993) find that longer work hours are associated with a higher probability of truck crashes. If 
so, higher compensation may contribute to lowering the risk of crashes by reducing drivers’ work 
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hours. Monaco et al. (2005) observe that short sleep hours, which are associated with long work 
hours, increase the risk of truck crashes. Consistent with Monaco et al., Crum and Morrow (2002) 
show that the difficulty of finding a place to rest intensifies the subjective perception of fatigue, 
which implies that that long work hours can be a primary factor of fatigue. 
In particular, Rodríguez et al. (2003) and Rodríguez et al. (2006) test the hypothesis that 
drivers who are more highly paid are less likely to have truck crashes. In these studies, they use the 
data obtained from a trucking firm, J.B. Hunt, which experienced an increase in drivers’ pay rates. 
They interpret the increase in pay rates as a natural experiment and examine its effect on the 
probability of truck crashes. They find that the increase in pay rates decreased the probability of 
crashes among drivers in J.B. Hunt.  
1.2. Truck Drivers’ Health and Work Conditions 
Studies demonstrate that truck drivers seem to have high health risks relative to other jobs. 
Sieber et al. (2014) and Thiese et al. (2015) observe that truck drivers have the higher rate of obesity 
than the general population. Sieber et al. show that 69 percent of U.S. truck drivers are obese, 
compared with 31 percent of the U.S. adult population. Thiese et al. show that 53 percent of truck 
drivers are obese. Saltzman and Belzer (2002) write that truck drivers also face other health risks 
regularly, such as diabetes and high blood pressure. 
A suspected cause of truck drivers’ poor health is fatigue. A panel convened by the National 
Academy of Science, Engineering, and Medicine (2016) indicates that fatigue may cause certain 
reversible physiological changes to human bodies, which can increase a number of health risks. 
Although there is little standard measure to quantify fatigue, work hours are used relatively 
commonly as a proxy for fatigue (National Academy of Science, Engineering, and Medicine, 2016). 
Dembe et al. (2005) show that workers who work longer than 12 hours a day or 60 hours a week 
have significantly higher risk of job hazards including occupational illnesses. Saltzman and Belzer 
(2002) also suggest that long work hours and sleep loss can increase the risk of certain illnesses 
including high blood pressure and diabetes. 
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Indeed, truck drivers’ work is characterized by long work hours. According to a survey 
conducted by the University of Michigan Trucking Industry Program (UMTIP), truck drivers’ mean 
and median weekly work hours are 65.7 hours and 62.0 hours, respectively (Belman et al., 2004). 
Compared with the national average of less than 40 hours, 60 hours of weekly work is abnormally 
long (Bureau of Labor Statistics, 2010). Such long work hours can potentially fatigue drivers and 
deteriorate their health. From the perspective of health economics, hours of resting to recover from 
fatigue is health investment, and households always face a tradeoff between health investment and 
income due to time constraints. Judging from their work hours, it seems that the average driver 
invests little time in health to earn higher income.  
1.3. Truck Drivers’ Work Hours and Compensation 
The previous subsections mentioned that truck drivers tend to work long hours, and 
excessively long work hours may harm truck drivers’ safety and health. Why do truck do truck 
drivers work such long hours? The paper that analyzes this question is by Belzer and Sedo (2018). 
They hypothesize that truck drivers have a target level of income which they struggle to achieve. 
Until drivers achieve the target level of income, they work as strenuously as possible. Once drivers 
achieve the target level of income, they begin to work fewer hours. As a result, drivers work fewer 
hours when their mileage rate is sufficiently high. Belzer and Sedo call this mileage rate a “safe 
rate” because research has linked long work hours with higher safety risk, and this pay rate is 
associated with limitations in working time. Belzer and Sedo’s empirical analysis supports this 
hypothesis. Their result is also consistent with Camerer et al. (1997), who find that taxi drivers 
work fewer hours when they are more highly paid. 
2. Contribution 
2.1. How Does Truck Drivers’ Compensation Affect Safety? 
Although Rodríguez et al. (2003) and Rodríguez et al. (2006) reveal that higher mileage 
pay rates are associated with higher safety performance, these studies have several limitations. 
These studies do not control for fringe benefits, which can potentially relate to drivers’ human 
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capital and safety incentives. Indeed, some studies imply that fringe benefits may affect drivers’ 
human capital accumulation and safety incentives. Werner et al. (2016) argue that trucking firms 
which offer retirement plans for employees may have higher safety performance in comparison 
with those which do not offer retirement plans. Using firm level data, Rodríguez et al. (2004) find 
that drivers’ average contribution to employment-based health insurance is positively related to 
safety performance of trucking firms. Both Werner et al. (2016) and Rodríguez et al. (2004), 
however, rely on firm level data, which are aggregated for each trucking firm. Therefore, these 
studies do not consider individual differences among drivers. For example, individual drivers’ 
compensation can be different from each other even in the same firm, depending on their human 
capital. In the first paper, I analyze, using individual level data, how cash compensation and fringe 
benefits affect truck drivers’ safety performance. Thus, the second paper provides a different 
implication from firm level studies on how drivers’ entire compensation package affects their safety 
performance. 
2.2. The Effect of Truck Drivers’ Compensation on Safety Performance 
In the previous section, I mentioned that long work hours can increase health risks, and 
truck drivers tend to work excessively long hours. However, few studies address the linked 
relationship between these work hours and health specifically in the trucking industry, using 
regression analysis with ample control variables. Certainly, researchers have studied the linkage 
between hypertension and long work hours in general, but they do not examine the same linkage 
among truck drivers. Since truck drivers work much longer hours than the general population, it is 
important to examine how their work hours are related to hypertension. Using the NIOSH survey 
data, I investigate the linkage between work hours and hypertension with many controls. 
2.3. The Effect of Truck Drivers’ Non-Driving Pay on Work Hours: Evidence from the 
NIOSH Survey Data 
Belzer and Sedo (2018) imply that drivers may have a target level of income which they 
try to achieve and that they work significantly fewer hours after achieving the target. As a result, 
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drivers’ labor supply curve is backward-bending. The third paper in the current dissertation 
examines this hypothesis from a different perspective. In the third paper, I analyze how non-driving 
pay, a unique compensation practice in the trucking industry, affects drivers’ work hours. In general, 
truck drivers are assigned non-driving duties in addition to driving trucks. Typically, non-driving 
duties include loading, unloading, waiting for dispatch directions, waiting to load or unload, and 
performing ancillary task like regulatory and business requirements such as record-keeping and 
both maintenance and repair. Non-driving pay is the remuneration for such non-driving duties. 
Importantly, some trucking firms pay for non-driving work while others do not. Moreover, if firms 
pay for non-driving work, they remunerate drivers only for a part of it. For example, some firms 
may pay for loading and unloading (often in piecework form), but they may not pay for other non-
driving duties. 
If non-driving duties are unpaid, drivers need to pay a higher opportunity cost of time while 
doing non-driving duties. To compensate for the loss of income, drivers who are not paid for non-
driving work may work longer than those who are paid. This hypothesis appears to be more realistic 
given that drivers have a target level of income, as Belzer and Sedo (2018) discuss. Belzer and 
Sedo certainly show that the length of unpaid time increases drives’ total work hours significantly. 
However, this may be due to the mathematical truism that total work hours increase because unpaid 
work hours simply add extra work hours. Hence, the fact that unpaid work hours increase work 
hours may not necessarily imply that the absence of non-driving pay induce them to work longer 
hours. My third paper fills this gap by examining the direct linkage between non-driving pay and 
work hours. Moreover, the NIOSH survey data collected in 2010, which I use, are the most recent 
data on truck drivers’ occupational safety with various control variables. Since the data which 
Belzer and Sedo use were collected in 1996-1997, they may be slightly obsolete. 
3. Data 
In the three papers, I commonly use the National Survey on Long Haul Truck Drivers 
(NIOSH survey), which collected by National Institute of Occupational Safety and Health (NIOSH) 
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in the Centers for Disease Control and Prevention (CDC) in 2010. The NIOSH survey is the most 
recent data on truck drivers’ work conditions, safety and health. The dataset contains drivers’ 
demographic information. The NIOSH survey covers only long-haul truck drivers. Short-haul and 
local truck drivers are not covered by this survey. 
4. Significance 
As stated above, truck drivers have a high risk of occupational injuries and illnesses, both 
of which threaten their life and quality of life. Truck drivers’ safety and health can also affect the 
welfare of the public. The social cost of truck crashes is high.  On average, the cost of crashes by a 
truck with a gross vehicle rating of 10,000 pounds is $91,112 per truck involved (U.S. Department 
of Transportation, 2007). Treatment of hypertension costs $1,131 per person annually (Balu and 
Thomas, 2006), which does not appear to be negligible. 
Drivers’ poor health may also threaten road safety because these two issues may be related. 
In other words, drivers’ health conditions affect not only drivers themselves but also the public 
welfare. Ronna et al. (2016) show that truck drivers with cardiovascular illnesses, which are related 
to hypertension, have a significantly higher risk of crashes. Anderson et al. (2012) find that obesity 
is also associated with the higher probability of crashes. Therefore, it is important to frame the 
public policy to enhance drivers’ safety and health. Analyzing what part of work conditions affect 
drivers’ safety and health is a prerequisite for investing an effective countermeasure to this problem. 
This dissertation is an attempt to analyze this prerequisite and call for further research on it.  
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CHAPTER 2 THE EFFECT OF TRUCK DRIVERS’ CONMPENSATION ON SAFETY 
1. Introduction 
Truck driving has a high incidence of occupational hazards. In a recent study, Smith (2015) 
mentions that during 2012, 756 truck drivers died due to work-related injuries in the United States 
(U.S.), and more than 65,000 private sector truck drivers suffered from work-loss occupational 
injuries. Smith also writes that truck drivers have more than seven times higher probability of 
having fatal occupational injuries than the average U.S. worker. Most of these fatal occupational 
injuries are caused by transportation incidents, typically highway crashes. 
A number of safety studies have tried to analyze the determinants of truck drivers’ safety. 
Researchers have analyzed the relationship between truck drivers’ compensation and safety 
(Rodríguez et al., 2004; Rodríguez et al., 2003; Rodríguez et al., 2006; Williams and Monaco, 
2001; Nafukho et al., 2007). On several grounds, economic theory also suggests there can be a 
relationship between driver compensation and safety. First, efficiency wage theory suggests that 
employers need to pay greater than the market-clearing compensation to prevent workers from 
shirking. That is, more highly compensated workers are more motivated to work diligently for 
employers and are less likely to shirk. Hence, when worker labor is unobservable and when 
employers find it difficult to supervise workers closely, they may improve performance by offering 
greater than the market-clearing compensation. Likewise, more highly compensated truck drivers 
may have greater incentive to operate trucks safely.  
Second, greater compensation attracts more productive job applicants. Workers with 
greater human capital may be more productive and have superior job skills, which allows firms to 
pay them higher compensation (Becker, 1964). That is, if employers do not pay sufficient 
compensation, high human capital workers may choose other jobs. In the case of trucking, if drivers’ 
compensation is not high enough, drivers with higher human capital may choose other jobs with 
similar qualifications. As a result, only low quality workers may apply for truck driver jobs. Higher 
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compensation prevents this situation by encouraging better job candidates to seek careers in 
trucking. 
This paper investigates how compensation, including employment benefits, affect truck 
drivers’ safety. As a proxy for safety, I employ moving violations which truck drivers commit. This 
paper reveals that truck drivers to whom companies provide employment-based health insurance 
are less likely to commit moving violations than those who do not have such insurance. We use the 
National Survey of Long Haul Truck Drivers, which is the newest national survey data on long-
haul truck drivers’ occupational safety and health, and which contain data on fringe benefits.  
2. Related Literature 
A number of papers analyze the effect of drivers’ compensation on truck driver road safety. 
Rodríguez et al. (2003) and Rodríguez et al. (2006) examine how employee truck drivers’ pay 
affects their road safety. In these studies, the authors use drivers’ individual data in a large trucking 
firm, J.B. Hunt. The data set includes the periods before and after J.B. Hunt raised pay rates to its 
drivers. The authors interpret the change in pay rates as a natural experiment. Employing negative 
binomial and zero-inflation models, they find that higher pay for drivers can diminish the 
probability of highway crashes. Using a truck-stop-based survey conducted by the University of 
Michigan Trucking Industry Program (UMTIP), Williams and Monaco (2001) also find that drivers 
with higher mileage pay rates are less likely to be involved in accidents or commit Hours-of-Service 
(HOS) violations. Monaco and Williams (2000) and Monaco et al. (2005) find that truck drivers’ 
annual wages are negatively related to the probability of falling asleep while driving, which can 
raise the probability of truck crashes. On the other hand, Nafukho et al. (2007) find that there is a 
positive relationship between truck drivers’ income and crashes. However, since income can 
increase as a result of increasing work hours, it is hard to conclude from this study that high 
compensation increases the incidence of crashes. Most recently, Belzer and Sedo (2018) use the 
UMTIP survey data to estimate drivers’ propensity to work long hours, which is associated with 
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safety. Belzer and Sedo reveal that drivers’ work hours can be predicted by their pay rates. They 
conclude that drivers work fewer hours when their pay rates are sufficiently high. 
The effect of fringe benefits on safety performance in the trucking industry has been 
examined less thoroughly, even though fringe benefits are an important part of workers’ 
compensation. Rodríguez et al. (2004) employ firm level data from the three sources to analyze the 
safety performance of truck firms.1 The authors do not find a significant relationship between 
average mileage pay rate and safety performance of trucking firms. However, the authors observe 
that drivers’ average contribution to employment-based health insurance is positively related to 
safety performance of trucking firms. That is, firms in which drivers pay higher insurance 
contributions have higher safety performance. In general, high quality health insurance charges 
high insurance premiums on the insured and drivers may forego a significant part of their 
compensation to buy good health insurance. If so, risk-averse truck drivers may choose to work in 
firms that provide high quality health insurance. Since risk-averse drivers are less likely to cause 
crashes, firms that pay drivers more, in the form of health insurance, may have superior safety 
perfomance.2 Clearly, more research is needed. 
Werner et al. (2016) also employ firm level insurance claim data to analyze the effects of 
retirement plans on the safety performance of trucking firms. They measure the safety performance 
of each firm by its property and liability insurance cost per mile driven. This is based on their 
assumption that firms with worse safety records pay higher insurance premia The result suggests 
that trucking firms which offer retirement plans for drivers may pay a lower insurance cost. This 
implies that firms with retirement plans have superior safety performance. They argue that 
                                                          
1 The data on truck crashes come from the Motor Carrier Management Information System (MCMIS) 
collected by the U.S. Department of Transportation (DOT). The data on financial performance and firm 
size come from the Motor Carrier Financial and Operating Statistics (F&OS) Program by the U.S. 
Department of Transportation’s Bureau of Labor Statistics (BTS). The data on compensation come from 
compensation data collected by Signpost, Inc. 
2 Nonetheless, Rodriguez et al. do not have the data on the quality of health insurance of each firm. Hence, 
they note that this conclusion is not definitive. 
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providing retirement plans may attract truck drivers with specific types of preferences. That is, 
drivers who prefer to invest money in a retirement plan rather than spend it immediately, in the 
form of wages, may be more risk-averse as Lazear (1990) says. Intuitively, such risk-averse drivers 
are less likely to have crashes.  
The contribution of this current paper is to analyze the effect of truck drivers’ compensation 
on safety by using individual level data on truck drivers. In this paper, compensation includes fringe 
benefits as well as cash. Rodríguez et al. (2004) and Werner et al. (2016) analyze firm-level data 
instead of individual drivers’ data. By the nature of firm level data, these studies cannot consider 
individual difference among drivers. For example, drivers’ wages are different even in the same 
firm, but the difference in individual drivers’ wages are ignored in the firm level data analysis. 
Other studies cited above are based on individual level data (Rodríguez et al., 2006; Rodríguez et 
al., 2003; Monaco and Williams, 2000; Williams and Monaco, 2001; Nafukho et al., 2007). 
However, these studies do not study the effect of fringe benefits thoroughly. These studies mainly 
focus on cash compensation. Certainly, Belzer et al. (2002) use individual level data and drivers’ 
health insurance status, but they analyze other fringe benefits. Moreover, the data that they employ 
were collected between 1997 and 1999. The current paper provides new evidence with newer data 
on how compensation including cash and fringe benefits are related to truck drivers’ safety. 
3. Theory 
Belzer (2012) provides theoretical explanations for the relationship between truck drivers’ 
safety and compensation. Reviewing the literature of labor economics, Belzer argues that truck 
drivers’ compensation can be linked with their driving safety because compensation is related to 
professional drivers’ human capital and safety incentives. He says that one of the important 
arguments is based on the efficiency wage theory, which was proposed by Yellen (1984). 
The efficiency wage theory assumes that the productivity of firms depends on worker effort. 
To elicit effort when effort is unobservable, businesses may need to offer above market-clearing 
wages. Because workers sometimes are hard to observe, businesses face a special principal-agent 
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problem. Belzer and Swan (2011) suggest that to avoid safety problems in drayage, these firms 
may pay an efficiency wage that compensates workers to elicit greater safety and attention to 
security. When their current job pays better than the next-best alternative, workers lose more money 
and suffer future career damage when they are fired because of a safety or other performance 
problem. Thus, highly paid workers are less likely to shirk and are more likely to drive safely.  
In the context of the trucking industry, efficiency wage theory predicts that higher 
compensation may encourage truck drivers’ safety performance because their safety records follow 
them and better jobs go to safer drivers. Safety performance presumably is important for the 
productivity of trucking firms since they need to pay for the damage caused by crashes and crashes 
lead to damaged freight and late deliveries. Research suggests that the net present value of 
experienced, better paid truck drivers provides firms with positive return on investment, net of their 
higher compensation (Faulkiner and Belzer, 2019). 
Efficiency wages may also improve the quality of truck driver job candidates.  Employers 
compete in the labor market to recruit capable employees. To hire superior candidates, employers 
need to offer higher wages than their competitors. In the labor market, trucking firms also compete 
with firms in other industries like the manufacturing and construction industries, which do not 
require a high level of education. Although manufacturing jobs are lower paid in general (Monaco 
and Brooks, 2001; Monaco et al., 2006), some blue collar jobs, such as oil rig workers, are paid 
relatively well. To employ high quality workers, trucking firms need to offer wages high enough 
to compete with such jobs in other industries. 
Originally, the theory of efficiency wage did not necessarily consider non-wage 
compensation or fringe benefits. However, the theory can be applied to a broad sense of 
compensation other than wages because fringe benefits are an important part of the compensation 
package and motivate them to perform well. Indeed, conducting a survey for selected trucking firms, 
Min and Lambert (2002) find that fringe benefits as well as cash compensation are an important 
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factor for drivers’ retention in trucking firms. This finding suggests that the impact of fringe benefit 
on drivers’ human should not be ignored. 
The shape of the labor supply curve may also contribute to truck driver safety. Belzer and 
Sedo (2018) find that truck drivers’ work incentive is determined by pay rate. They show that truck 
drivers’ labor supply curve is backward bending. Thus, when pay rate is sufficiently high, drivers 
work fewer hours due to a strong income effect relative to the substitution effect. This implies that 
high compensation can prevent truck drivers from working excessively such that they become 
fatigued and have crashes. Previous studies show how fatigue is an important factor of crashes are 
shown in the National Academy of Science, Engineering, and Medicine (2016). 
4. Data 
This paper uses the National Survey on Long Haul Truck Drivers, conducted by the 
National Institute for Occupational Safety and Health (NIOSH) of the Centers for Disease Control 
and Prevention in 2010. The survey collected data on long-haul truck drivers’ occupational safety 
and health conditions. A similar survey on long haul truck drivers was conducted by the University 
of Michigan Trucking Industry Program (UMTIP), although that survey focused more broadly on 
driver work-life issues of interest to labor economists. The UMTIP data set may be slightly outdated 
since it was conducted in 1997 (Belman et al., 2004). 
Long-haul truck drivers are drivers of trucks having a capacity of at least 26,000 pounds 
Gross Vehicle Weight (GVW), and freight delivery routes requiring them to take at least one 
mandatory ten-hour rest period away from home during each delivery (NIOSH, 2015; Chen et al., 
2015). Drivers who have driven less than 12 months in their careers are excluded from the NIOSH 
survey (Chen et al., 2015). 
The NIOSH survey includes both employee drivers’ and owner operators’ data, and 
employee drivers account for roughly 60 percent of the sample. We use only employee drivers’ 
data since owner operators responsibilities and working conditions are different from those of 
employee drivers. Owner operators finance all or most of operating cost by themselves (Belzer, 
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2009; Hooper and Murray, 2017). The operating cost includes, but is not limited to, capital cost, 
fuel and maintenance cost, insurance, tolls and electronic devices (for example, satellite receivers, 
transmitters and transponders). In addition to these costs, owner operators often need to pay for 
licenses and permits. Such unobserved differences in economic pressures and working conditions 
may disturb the result, so we limit the sample to employee drivers. Eliminating the observations 
with missing data, we obtain the sample of 704 employee drivers. 
5. Descriptive Statistics 
Table 2-1 shows the descriptive statistics of continuous variables. Figure 2-1 shows the histogram 
of the number of moving violations. This shows that 80 percent of drivers have no moving 
violations. The maximum number of moving violations is five, which suggests that moving 
violations are relatively rare events, which approximately follow Poisson or negative binomial 
distribution. The mean and median incidence of moving violations per million miles is 3.46 and 0 
respectively. 
The mean and median annual income are roughly $52,500 and $50,000 respectively, which is 
higher than other jobs that do not require higher education. However, long-haul truck drivers 
average about 3,275 hours of work per year, so the high earnings come at a price. The mean and 
median of annual mileage driven are 114,716 miles and 120,000 miles respectively. By using the 
annual mileage driven and income, we calculated the pay per mile driven. The mean and median 
pay rates are $0.69 and $0.43 dollars respectively. This estimation of pay per mile driven likely is 
biased upward, however, because drivers’ income in the NIOSH survey includes income from non-
driving work, such as loading and unloading, while, actual pay per mile driven does not include 
remuneration for non-driving work. While the median driver is not paid for any of this work, nearly 
half are paid flat rates (piecework) for some non-driving tasks. 
Figure 2-1 Distribution of the Numbers of Moving Violations 
14 
 
  
 
Table 2-1 The Descriptive Statistics of Continuous Variables 
Variable Mean Median Std Dev 
Moving Violations 0.29 0 0.67 
Annual Income 52516.81 50000.00 29347.34 
Annual Mileage Driven  114715.8 120000.00 42235.63 
Annual Work Weeks 49.99 52.00 4.80 
Weekly Non-driving Duty Hours 15.11 10.00 16.87 
Moving Violations per 1,000 Miles Driven 3.40 0 14.70 
Pay/Mile 0.69 0.43 1.52 
Notes: Moving Violations are those during 12 months prior to the survey. Pay/Mile is given by 
Annual Income/Annual Mileage Driven. 
 
Table 2-2 shows the descriptive statistics of indicator variables. Approximately, 63 percent 
of employee drivers answer that their employers or union offer employment-based health insurance. 
In the NISOH survey data, the original questions on health insurance are “Does your employer or 
union offer you health insurance?” and “Are you covered by any type of health insurance or health 
care plan? Include coverage provided by your spouse or partner’s plan.” For drivers who are offered 
employment-based health insurance but covered by no health insurance, we treat them as not having 
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employment-based health care. It is still possible that drivers who are offered employment-based 
health insurance and have some form of health insurance may be covered by other health insurance, 
such as their spouses’ health insurance. However, the information to identify such drivers is not 
available in the NIOSH survey data. 
Approximately 46 percent of drivers are provided retirement benefit by their employers or 
union: either pension or 401K retirement plan or both. It should be noted that the NIOSH survey 
does not contain clear information about whether drivers who answered that they are provided 
pension or 401K retirement plan are vested. Therefore, a number of these drivers are still not vested 
for pension or 401K retirement plan though their employers provide it. Moreover, the employers’ 
contribution to a 401K retirement plan is unknown in the NIOSH survey. Though it is likely many 
employers make some contribution as they provide a retirement plan, it is totally unknown from 
this survey how much they contribute.  
Non-driving Pay is an indicator variable which equals one if drivers are paid for non-
driving duties and equals zero otherwise. Approximately half of long-haul truck drivers (48.34 
percent) are paid for such non-driving duties, according to the NIOSH survey data. This percentage 
seems to be consistent with the UMTIP survey data. In the UMTIP survey data, the non-driving 
duty which is paid most frequently is loading and unloading: 46 percent of non-union drivers are 
paid for loading and unloading (Belman et al., 2004).3 
Non-driving duties which are not paid can make drivers work for longer hours to 
compensate for the loss of income. It may intensify their fatigue and probability of crashes. 
Moreover, drivers who are not paid for non-driving duties may feel less loyalty to their employers, 
which can diminish their incentive for safe driving and increase the probability of turnover. 
Even if truck drivers are remunerated for non-driving labor, it does not mean that trucking 
firms remunerate them for all of their non-driving duties. For instance, it is possible that drivers are 
                                                          
3 Again, I refer to non-union employee drivers because over 95 percent of the sample in the current study 
are non-union employee drivers.  
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remunerated for loading or unloading duties even though they are not remunerated for waiting for 
dispatchers’ directions; commonly, long-haul truck drivers are paid by the stop (piecework) rather 
than by the hour, thus making their effective hourly compensation rate contingent on other unpaid 
time. Indeed, UMTIP found that 44.7% of truck drivers are remunerated for loading and unloading, 
but only 21.2% of truck drivers are remunerated for dropping and hooking (Belman et al., 2004).4 
This fact suggests that there is a large difference in the percentage of drivers who are paid for each 
non-driving duty, depending on the types of tasks and employers.  
Unfortunately, there is no information in the NIOSH survey data on what parts of non-
driving duties are remunerated. The partial or total amount of non-driving pay is also not known in 
the NIOSH survey data. Thus, I use an indicator variable to distinguish drivers who are remunerated 
for non-driving duties at least partially from those who are not remunerated at all. 
Long-haul trucking comprises the less-than-truckload (LTL) and truckload (TL) sectors. 
The LTL sector handles relatively light freight shipments (150-10,000 pounds per shipment) and 
carries multiple clients’ freight shipments on one truck. The TL sector carries relatively heavy 
freight shipments (over 10,000 pounds per shipment) and typically carries a single owner’s freight 
on one truck (Burks et al., 2010). In this table, LTL is an indicator variable which equals one if 
drivers work in the LTL sector and equals zero otherwise. Approximately, 20 percent of drivers 
work in the LTL sector.  
Team is an indicator variable which equals one if drivers operate trucks as team drivers 
and equals zero otherwise. Some truck drivers drive trucks with another driver. While one driver is 
operating a truck, the other driver is sleeping. This work practice is called “team driving”. Roughly 
14 percent of drivers work in teams.  
Union is an indicator variable which equals one if drivers are union members and equals 
zero otherwise. Only 2.6 percent of drivers are union members in the NIOSH survey.  According 
                                                          
4 These numbers are not additive since they are counted as separate pieces of work. That is, some drivers 
are paid for all of these duties, but others are paid for only one of them or neither. 
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to Hirsch and Macpherson (2018), the proportion of union membership among truck drivers (SOC 
9130) was 12.0 percent in 2010, which is higher than in the NIOSH survey. The difference may be 
explained by the fact that unlike the NIOSH survey, Hirsch and Macpherson include driver/sales 
workers and local and short-haul truck drivers in addition to long-haul truck drivers.  
High School is an indicator variable which equals one if drivers hold high school diplomas 
or equals zero otherwise. In the original NISOH survey data, drivers’ history of education is 
classified more in detail: 8th grade or less, 9th-12th grade (no diploma), GED or equivalent, high 
school graduate (diploma), some college (no degree), associate degree (vocational), associate 
degree (academic), college degree or higher. Relatively small proportions of drivers have college 
or associate diplomas while a relatively large number of drivers finished high school but did not 
enter college or dropped out of high school. Therefore, we converted educational background into 
an indicator variable for high school diploma. Roughly, 80 percent of drivers have high school 
diploma. 
White is an indicator variable which equals one if drivers are white or zero otherwise. In 
the original NIOSH survey, ethnicities are categorized more in detail, such as white, African, Asian, 
Hispanic and many other ethnic groups. However, white drivers account for 70% of all drivers, so 
other ethnic drivers are minor in terms of demographic proportions. Type is an indicator variable 
which equals one if the truck type is an enclosed van, which occupies approximately half of the 
trucks in the sample. Male is an indicator variable which equals one if drivers are male and zero 
otherwise. Approximately 93 percent of drivers are male. 
Table 2-2 Descriptive Statistics of Indicator Variables 
Variable Percentage 
Retirement Benefit 46.45 
Health Insurance 62.93 
Non-driving Pay 48.01 
Less-than-Truckload 20.17 
Team 13.78 
Enclosed Van 50.28 
Married 52.27 
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White 70.6 
Male 93.07 
Union 2.56 
High School Diploma 78.84 
Note: Retirement Benefit equals one if drivers are provided pensions by labor union or employers 
and equals zero otherwise. Health insurance equals one if drivers are provided health insurance by 
their employers and equals zero otherwise. Some drivers are offered health insurance by their 
employers, but they answer that they have no health insurance. This implies that they do not accept 
employment-based health insurance. These drivers are counted as health insurance=0 since these 
drivers are not covered by employment health insurance. That is, I do not treat these drivers as 
being provided employment-based health insurance. Non-driving pay equals one if drivers are paid 
for non-driving duties at least in part and equals zero otherwise. If non-driving pay is paid, drivers 
are not necessarily paid for all non-driving duties. As long as they are paid for some non-driving 
duties, Non-driving equals one. Less-Than-Truckload equals one if drivers work in the Less-Than-
Truckload sector and zero otherwise. Team equals one if drivers are team drivers and zero otherwise. 
Enclosed Van equals one if drivers operate enclosed vans and zero otherwise. Married equals one 
if drivers are married and equals zero otherwise. White equals one id drivers are white and equals 
zero otherwise. Union equals one if drivers are union members and zero otherwise. High School 
Diploma equals one if drivers have high school diploma and equals zero otherwise. 
 
6. Analysis 
The most ideal candidate to proxy safety is the number of crashes which drivers have 
experienced during a certain period. Compared with other safety outcomes, truck crashes are 
particularly life-threatening and quite observable. Indeed, analyzing the effect of drivers’ mileage 
pay rate on safety, Rodríguez et al. (2003) and Rodríguez et al. (2006) use the number of crashes 
that drivers experienced though the definition of crashes in these studies are different from that in 
the NIOSH survey data. Rodríguez et al. (2003) and Rodríguez et al. (2006) count crashes which 
involve $1,000 of actual or estimated damages. The NIOSH survey data uses DOT reportable 
crashes, which cause one of the following consequences: a fatality; an injury to a person which 
requires immediate medical treatment away from the scene of the crash; or disabling damage to a 
vehicle, which needs to be towed. 
Using the number of crashes in the NIOSH survey also can be problematic because the 
NIOSH survey asks drivers the number of crashes which drivers have experienced during their 
professional life (not just during a specified period). On the other hand, the data on compensation 
and control variables are those at the time the NIOSH survey was conducted. Since one can assume 
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that truck drivers’ compensation has changed over time, the use of the number of crashes can yield 
a misleading result.  
We therefore use the number of moving violations instead of crashes. In the NIOSH survey, 
drivers were asked to report the number of moving violations during the preceding twelve months. 
Some previous studies also employ moving violations as well as crashes as a proxy for safety 
performance (Monaco and Williams, 2000). Indeed, Murray et al. (2006) find that certain types 
moving violations are positively associated with crashes among truck drivers. Hence, moving 
violations seem to be a decent proxy of safety.  
Using moving violations as the dependent variable, we construct the following Poisson and 
negative binomial regressions:  
 𝑙𝑛[𝐸(𝑌|𝑋)] = 𝛼 + 𝛽1 × 𝑙𝑛(𝑃𝑎𝑦/𝑀𝑖𝑙𝑒) + 𝛽2 × 𝑁𝑜𝑛𝑑𝑟𝑖𝑣𝑖𝑛𝑔 𝑃𝑎𝑦 
+𝛽3 × 𝐻𝑒𝑎𝑙𝑡ℎ 𝐼𝑛𝑠𝑢𝑟𝑎𝑛𝑐𝑒 + 𝛽4 × 𝑅𝑒𝑡𝑖𝑟𝑒𝑚𝑒𝑛𝑡 𝐵𝑒𝑛𝑒𝑓𝑖𝑡 
                                +𝛽5 × 𝑈𝑛𝑖𝑜𝑛 + 𝛽6 × 𝑊𝑜𝑟𝑘 𝑊𝑒𝑒𝑘𝑠 + 𝛽7 × 𝐿𝑇𝐿 + 𝛽8 × 𝑀𝑎𝑟𝑟𝑖𝑒𝑑                           
+𝛽9 × 𝑇𝑒𝑎𝑚 + 𝛽10 × 𝐸𝑛𝑐𝑙𝑜𝑠𝑒𝑑 𝑉𝑎𝑛 
+𝛽11 × 𝐻𝑖𝑔ℎ 𝑆𝑐ℎ𝑜𝑜𝑙 + 𝛽12 × 𝑊ℎ𝑖𝑡𝑒 + 𝛽13 × 𝑀𝑎𝑙𝑒 
                                 +𝛽14 × 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒 + 𝛽15 × (𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒)^2. 
In the equation above, 𝑌 is the number of moving violations during the last 12 months prior 
to the survey, and 𝑋 is the vector of all independent variables on the left-hand side of the equation. 
In general, the Poisson and negative binomial models are used when dependent variables are count 
variables and equal zero for many subjects. Section 5 shows that in the NIOSH survey data, roughly 
80 percent of the subjects have zero moving violation, and the maximum number of moving 
violations is five. Such characteristics of the data justify the use of these models. The Poisson model 
assumes that the conditional mean of 𝑌 equals the conditional variance of 𝑌, but the negative 
binomial model does not assume that the conditional mean and variance are equal. The negative 
binomial model is preferred when the Poisson model suffers from over-dispersion. Observing a 
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Pearson chi-square statistic, we test the null hypothesis that the Poisson model does not suffer from 
over-dispersion. If the hypothesis is rejected, the negative binomial model is preferred. Moreover, 
using adjusted Vuong and Clark sign tests, we examine whether the zero-inflated Poisson or zero-
inflated negative binomial model is preferred to the Poison or negative binomial model. 
On the left-hand side, 𝑙𝑛[𝐸(𝑌│𝑋)]  represents the expected value of the number of moving 
violations committed during the twelve months. On the right-hand side, 𝑙𝑛(𝑀𝑖𝑙𝑒𝑎𝑔𝑒 𝑃𝑎𝑦) 
represents the natural logarithm of mileage pay, which is computed by dividing drivers’ annual 
income by annual miles driven. Mileage pay rates computed as such may not always be accurate. 
In the NIOSH survey, both annual income and miles driven may suffer from measurement errors 
since drivers are not asked to check their written record of income or miles driven. The other 
independent variables are defined in the same way as section 5 mentioned. The reasons why these 
variables should be included in the regression are explained below. The linear specification for 
mileage pay rate follows Rodríguez et al. (2003); Rodríguez et al. (2006) and is based on the 
intuition that human capital monotonically increases with pay, as human capital theory implies.  
Non-driving Pay: The variable is included because unpaid non-driving duty hours can 
induce drivers to work longer to compensate for the loss of income. This can intensify drivers’ 
fatigue and cause crashes. According to Belzer and Sedo (2018), the length of unpaid time per mile 
increases drivers’ work hours, though this result is not the primary interest of their paper. Likewise, 
the U.S. Department of Transportation Office of Inspector General (2018) suggests that the length 
of detention time may increase the risk of truck crashes. This may possibly be because longer 
detention time, which can be associated with unpaid non-driving duty hours, can increase the 
opportunity cost of time and induce drivers to work longer.  
Health Insurance: As section 5 shows, some trucking firms make a contribution to drivers’ 
health insurance premium under employment-based health insurance although the NIOSH survey 
does not specify the fraction contributed by trucking firms. Since employment-based health 
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insurance makes health care more affordable to drivers, it may raise the opportunity cost of losing 
their jobs due to poor safety performance. Thus, it motivates drivers to operate trucks safely. 
Moreover, high quality drivers prefer to work for firms which provide employment-based health 
insurance, adding to their overall compensation level. In addition, employment-based health 
insurance may attract risk-averse drivers to the trucking firms because risk-averse drivers prefer to 
purchase health insurance. Rodríguez et al. (2004) suggest that trucking firms which charge higher 
health insurance contribution on drivers have the lower risk of crashes possibly because risk-averse 
drivers may prefer to have high quality but expensive health insurance plans.  
The data on the quality of drivers’ health insurance are not available in the NIOSH survey 
data. The coverage of health insurance is diverse among different plans in the U.S. insurance market. 
For instance, some insurance plans cover contraceptives, osteopathic care, or chiropractic care, but 
others do not. It is possible that drivers who are offered high quality insurance are less likely to 
leave jobs and have greater safety motivation. 
Retirement Benefit: Drivers with retirement benefits may have higher human capital. As 
with health insurance, retirement benefits are an important part of compensation packages. 
Moreover, drivers with retirement benefits are more likely to be current or former union members, 
who may work under better conditions. Even if they are not union members currently, former union 
drivers may have more human capital than non-union drivers (Hirsch, 1993). Union drivers may 
also have longer job experience and tenure. That is, union drivers may be more skilled, which may 
decrease the risk of crashes. The variable of retirement benefit also captures these current and 
former union members’ human capital stock. 
Drivers who qualify for pensions may not be working currently within joint labor-
management pension plans that provide most trucking pensions. However, drivers who worked for 
a unionized firm after being vested and who moved to a non-union firm may still have pensions, or 
expect to receive them. The variable of pension also captures these former union members’ human 
capital stock. 
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Work Weeks: This is the number of weeks which drivers work annually. This variable is 
included to measure the exposure to moving violations. Intuitively, if drivers work longer, they are 
more exposed to moving violations. Ideally, the exposure should be measured by the annual 
mileage driven, but the annual mileage driven is used to calculate mileage pay rates in this study. 
Because of this, using the annual mileage driven with mileage pay rates in the same model can 
cause strong collinearity, which can mislead the result. Therefore, I use the number of weeks drivers 
work annually. 
Less-than-Truckload (LTL): Owing to the higher entry barrier and unionization rate, LTL 
truck drivers may work under better conditions than TL truck drivers. Indeed, LTL drivers in the 
NIOSH survey data seem to work fewer hours. In this NIOSH survey sample, LTL drivers’ median 
weekly work hours are 60 hours whereas TL drivers’ median weekly work hours are 65 hours. In 
addition to weekly work hours, LTL drivers have less delivery schedule tightness, which can 
intensify job stress and fatigue. Indeed, Belzer (2018) suggests that work pressure increases the 
probability of crashes. In the NISOH survey, 34.86 percent of LTL drivers answer that they have 
never been given an unrealistically tight delivery schedule. On the other hand, 21.80 percent of TL 
drivers answer that they have never been given an unrealistically tight delivery schedule. If so, LTL 
drivers may be exposed to less fatigue and stress than TL drivers. 
Union: Union members may have better working conditions thanks to collective bargaining 
power. A previous study indicates that union drivers have better safety performance than non-union 
drivers (Corsi et al., 2012). Such higher performance among union drivers may be because of the 
difference in human capital stock. Belman et al. (2004) report that 87.6 percent of union drivers 
have driven five years or longer and that 62.1 percent of them have driven more than fifteen years; 
on the other hand, 47.2 percent of non-union drivers have driven five years or longer and that 32.9 
percent of them have driven fifteen years or longer. Since union drivers have more work experience, 
drivers may have higher human capital than non-union drivers. Indeed, studies suggest that more 
experienced drivers tend to operate trucks more safely (Kaneko and Jovanis, 1992; Lin et al., 1993). 
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In the NIOSH data, current union drivers have longer job experience than current non-union drivers, 
but the difference is insignificant. Current union drivers’ mean job experience is 15.94 years, and 
current non-union drivers’ mean job experience is 14.38 years. The t-test cannot reject the null 
hypothesis that their mean job experience is equal. Nonetheless, union members may have human 
capital which cannot be measured by experience. Booth et al. (2003) write that among male British 
workers, union members are more likely to have safety training than non-union workers. 
Team: Theoretically, the effect of team driving on health is not obvious. On one hand, team 
drivers may sleep longer. On the other hand, they may operate more continuously at night changing 
the role of driving, which can cause job stress. Moreover, team drivers normally need to sleep in 
the sleeper berth in the moving truck, which may lower the quality of sleep. Thus, team driving 
may affect drivers’ health either negatively or positively. Though the total effect on health is 
ambiguous, we control for the effect of this work practice and incorporate this variable in the model.  
We also employ demographic controls: High School, White, Experience, and Enclosed 
Van.5 
7. Results 
Table 2-3 shows the results for negative binomial regressions under different specifications. 
We chose the negative binomial model as an appropriate model over Poisson model due to over-
dispersion. The Poisson model is more appropriate when there is no over-dispersion: the 
conditional mean equals the conditional variance. In the presence of over dispersion, the negative 
binomial model is more appropriate. The presence of over-dispersion is tested based on the Pearson 
Chi-square statistics. The null hypothesis of the test is that there is no over-dispersion. If the Pearson 
Chi-square statistics exceed the critical value at the 5 percent level, we reject this null hypothesis. 
Performing the test, we find that the null hypothesis is rejected at the 5 percent level, which means 
                                                          
5 The percentage of non-driving work is not included in the regression due to the problem of collinearity. 
The percentage needs to be calculated by dividing non-driving work hours by total work hours, which are 
corelated with compensation. Because of this, I excluded this variable in this model. 
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that the Poisson model suffers from over-dispersion. Since the data include a large number of zero 
crash cases, we also checked if the zero-inflated negative binomial is appropriate. To this end, I 
used the Vuong test and Clarck Sign test. In either test, Akaike- and Schwarz-adjusted Vuong and 
Clarck statistics suggest that overall, the negative binomial model outperforms the zero-inflated 
negative binomial model for both specifications: Negative Binomial (1) and Negative Binomial 
(2); unadjusted Vuong and Clarck statistics are not used since they are biased (Desmarais and 
Harden, 2013).6 Therefore, we present the results for the negative binomial model in Table 2-3. 
In Negative Binomial (1) and (2), the coefficient for pay per mile driven is negative and 
significant at the 5 percent level. The coefficient for employment-based health care is also negative 
and significant at the 5 percent level in both specifications.  
The Pearson correlation coefficients between dependent variables are shown in Appendix 
A. Based on the coefficients, collinearity between independent variables is small. 
Table 2-3 The Results for the Negative Binomial Regressions 
Variables 
Negative Binomial 
(1) 
Negative Binomial 
(2) 
Intercept -1.01 0.23 
 (0.18) (1.03) 
ln(Pay/Mile) -0.29** -0.31** 
 (0.14) (0.15) 
Retirement Benefit -0.25 -0.23 
 (0.20) (0.21) 
Health Insurance -0.43** -0.40** 
 (0.20) (0.20) 
Non-driving Pay -0.22 -0.21 
 (0.18) (0.18) 
Annual Work Weeks -0.024 
  (0.017) 
Less-than-Truckload -0.16 
  (0.22) 
Team  0.12 
                                                          
6 Akaike-adjusted Vuong statistics supports the zero-inflated model for Negative Binomial (1), but it is not 
statistically significant. The same statistics significantly support the negative binomial model for Negative 
Binomial (2). Schwarz-adjusted Vuong statistics significantly supports the negative binomial model for 
both Negative Binomial (1) and Negative Binomial (2). Likewise, Akaike- and Schwarz-adjusted Clark 
statistics support the negative binomial model for both specifications. In sum, the zero-inflated model is not 
supported in a statistically significant way while the negative binomial is supported by most statistics.   
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  (0.25) 
Enclosed Van  -0.21 
  (0.18) 
Married  -0.070 
  (0.17) 
White  -0.28 
  (0.18) 
Male  0.46 
  (0.39) 
Union  -1.73 
  (1.06) 
Edu  -0.13 
  (0.21) 
Experience -0.0027 
  (0.027) 
Experience^2 -0.0001 
  (0.0007) 
   
N 704 704 
Degree of Freedom  699 688 
Pearson Chi-Square 685.32 695.98 
AIC (smaller is better) 956.28 966.33 
BIC (smaller is better) 983.62 1043.80 
Notes: ***p< .01; **p< .05; *p< .1. All p values are for two-tailed test. 
 
8. Discussion 
Two variables are significant factors for moving violations: pay per mile driven and 
employment-based health insurance. That is, drivers who are more highly paid per mile driven are 
less likely to commit moving violations. In this analysis, retirement benefits and non-driving pay 
are insignificant, as are all the controls. Likewise, drivers who are offered employment-based health 
insurance are less likely to commit moving violations. There are two explanations for the results. 
First, as the efficiency wage theory predicts, higher mileage pay rate and employment-
based health insurance may attract drivers with higher human capital and motivate them to operate 
safely. The result for mileage pay is consistent with Rodríguez et al. (2003) and Rodríguez et al. 
(2006). The statistical significance in the current study is weaker possibly due to the quality of the 
NIOSH survey data, in which mileage pay rate is computed from annual miles driven, not even 
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probed based on weekly miles driven. Moreover, Rodríguez, et al. employ data obtained from a 
single firm. In particular, certain firm-level charasteriscs, such as safety culture, may affect drivers’ 
safety performance. Such characteristics are often hard to quantify and not observed in the data.  
Since Rodríguez, et al.’s data include drivers in a single firm, their study is less influenced by such 
characteristics.   
Interpreting the result for employment-based health insurance requires a little more 
meticulousness. Traditionally, efficiency wage theory does not thoroughly discuss nonmonetary 
compensation including fringe benefits. However, efficiency wage theory is also concerned about 
compensation in general, which is not limited to monetary compensation. It intuitively makes sense 
that offering fringe benefits like health insurance can also attract workers with higher human capital 
since fringe benefits can improve workers’ utility. Particularly in the U.S., where universal health 
care is absent, employment-based health care plays an integral role in making health care affordable 
to workers. Thus, it may not be surprising that offering employment-based health care attracts more 
skillful drivers with lower propensity for turnover and motivates them to be safer drivers. Indeed, 
Kim and Philips (2010) find that employment-based health insurance raises workers’ retention in 
the U.S. construction industry whether the plans are  provided by union or non-union contractors. 
This implies that employment-based health insurance may contribute to accumulating human 
capital. 
The NIOSH survey data, however, do not contain information about the quality of health 
insurance. In addition, drivers’ status of health insurance is somewhat problematic. In the NIOSH 
survey, two questions on health insurance are asked: “Does your employer or union offer you health 
insurance?” and “Are you covered by any type of health insurance or health care plan? Include 
coverage provided by your spouse or partner’s plan.” Certainly in the current study, drivers who 
are offered health insurance by employers but are not covered by any health insurance are treated 
as not having employment-based health insurance. However, drivers who are offered employment-
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based health insurance and covered by some health insurance may be covered by their spouses’ 
health insurance instead of their own employment-based health insurance.  
Nonetheless, drivers who are offered employment-based health insurance can operate 
safely even if they are covered by other health insurance. According to the efficiency wage theory, 
offering higher compensation attracts high quality job candidates partly because higher 
compensation is a signal for high quality jobs. Judging the job quality, job candidates observe not 
only monetary compensation but the entire compensation package offered by employers. If so, 
trucking firms which offer no employment-based health insurance are likely to give a signal to job 
candidates that their jobs are very low quality. That is, job candidates anticipate that working 
conditions in general are poor in such firms. High quality truck drivers may avoid applying for such 
jobs even if they are covered by other health insurance plans. 
Second, risk-averse drivers may prefer to work in trucking firms which provide 
employment-based health care. As Rodríguez et al. (2004) argue, trucking firms charge a part of 
health insurance premium to drivers. Facing the tradeoff between wages and health insurance, 
drivers who care about the risk of having illnesses choose to work for trucking firms which offer 
health care and offer somewhat lower wages. It is plausible that such drivers may be more risk-
averse and commit fewer moving violations. However, this explanation does not sound persuasive 
regarding this data set. Checking the median wages of drivers with or without employment-based 
health insurance, I find that the median wages of these two groups are nearly equal: the median 
wage of drivers with health insurance is 15.27 dollars, and the median wage of drivers without 
health care is 15.18 dollars. The difference in wages does not seem to be high enough to justify this 
explanation that risk-averse drivers choose to work with employment-based health insurance as a 
result of the tradeoff between wages and health insurance. Rather, drivers with employment-based 
health insurance are likely to be more generously compensated in terms of their entire 
compensation package given that firms pay their contribution to insurance. This fact, however, may 
not lead us to conclude that employment-based health insurance does not attract risk-averse drivers 
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because drivers also have an option to work for other blue color jobs. That is, if drivers choose 
between trucking and other blue color jobs which pay higher wages and provide no health insurance, 
risk-averse drivers may choose to work for trucking firms which provide employment-based health 
insurance. Such drivers’ occupational choice at the margin should be a subject of future research.  
9. Conclusion 
In this paper, I analyzed how truck drivers’ compensation affects their safety performance. 
This study finds that truck drivers who are provided employment-based health insurance are less 
likely to commit moving violations. The result provides a partial support for the hypothesis that 
trucking firms need to offer high compensation to attract drivers with high human capital and 
motivate them to operate safely.  
Nonetheless, there are some limitations in this study. First, the quality of data on income 
and mileage driven is poor. In the NIOSH survey, drivers are not asked to check their pay check or 
tax record, which means that the reported income largely depends on drivers’ memories. Annual 
mileage driven is also reported based on drivers’ memories. In the NIOSH survey, drivers are not 
asked to check their driving record to check their mileage driven. Because of the lower accuracy of 
these data, mileage pay rates calculated in this study can suffer from a measurement issue. 
Furthermore, the information on the quality of drivers’ health insurance is unavailable, and 
information also is not available on the proportion of the health insurance cost paid by the employer. 
Since the quality of health insurance is diverse in the U.S. insurance market, drivers with higher 
human capital work in firms which provide higher quality health insurance, which includes broader 
coverage and more generous payment of medical expenses.  
Albeit having such limitations, this paper provides new evidence that compensation can be 
related to the road safety in trucking industry. A policy implication of this paper is that the issue of 
truck drivers’ road safety may be linked to the issue of compensation. To further investigate this 
issue, it is essential for policy makers to collect higher quality data on truck drivers’ safety 
29 
 
  
performance and compensation. Since truck crashes are hazardous for both drivers and other 
highway users, the author advocates the need for such further collection of the data. 
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CHAPTER 3 EXCESSIVE WORK HOURS AND HYPERTENSION: EVIDENCE FROM 
THE NIOSH SURVEY DATA 
 
1. Introduction 
Hypertension is a common illness among commercial motor vehicle (CMV) drivers. 
Studies show that CMV drivers are more likely to suffer from hypertension than people in other 
occupations. Bus drivers (Ragland et al., 1989) and taxi drivers (Kurosaka et al., 2000) are more 
susceptible to hypertension than comparable groups with other occupations. Reviewing the 
literature extensively, Apostolopoulos et al. (2012) write that CMV drivers’ poor health can be 
attributed to their working conditions, including long and sedentary work hours. Indeed, long-haul 
truck drivers’ job is characterized by long work hours due to relatively low wage rates (Belzer and 
Sedo, 2018). We hypothesize that excessive work hours are an important cause of hypertension 
among drivers. However, scholars have not examined how work hours affect the risk of 
hypertension among CMV drivers, particularly long-haul truck drivers. While studies examine how 
work hours and wages affect the incidence of hypertension among workers in general, results are 
mixed.  Yang et al. (2006) and Yoo et al. (2014)  indicate that longer work hours are positively 
related to the risk of hypertension. Nakanishi et al. (2001) claim there is little evidence that long 
work hours are associated with the incidence of hypertension.  
In this study, we explore the linkage between work hours and hypertension among long-
haul truck drivers in the U.S. Hypertension raises individuals’ vascular mortality and risk of stroke 
(Prospective Studies Collaboration, 2002; Thrift et al., 1996). Hence, it is important to analyze the 
causes of hypertension to inform policy designed to enhance truck driver health. 
2. Related Literature 
Work hours are an important factor that may be associated with the probability of suffering 
from hypertension. Studies show that long work hours are positively related to hypertension. 
Chankaramangalam et al. (2017) conducted a physical examination of 175 truck drivers in Southern 
India. They find that 40 percent of the subjects suffer from hypertension, and the longer duration 
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of driving is associated with the higher probability of hypertension among truck drivers. They also 
show that the difference in the susceptibility to hypertension cannot be explained by age and race.  
Yang et al. (2006) analyze the Public Use File of the 2001 California Health Interview Survey 
(CHIS2001), which is a telephone survey conducted in California in 2001. They analyze the 24,205 
working age individuals in the survey data. Applying a logistic regression, Yang et al. find that 
work hours are positively associated with the probaility of hypertension. Yoo et al. (2014) analyze 
longitudinal data of 10,254 subjetcs in South Korea. Employing survival analysis, they find that 
the susceptibiltiy to hypertension is positively proportional to weekly work hours. They also find 
that the hazard ratio is higher among women than among men.  
Nakanishi et al. (2001) oberve that there is a negative association between work hours and 
hypertension among male white collar workers in a building contractor in Osaka Japan. However, 
it is hard to conclude from this study that working long hours decreases the probability of 
hypertension in general because the subjects of the study are white collar workers, whose quality 
of work is different from blue collar workers. The authors themselves point out that certain job 
groups—researchers and architects—tend to work longer hours than other groups, and researchers 
and architects are less susceptible to hypertension. They argue that researchers and architects may 
work longer but feel less job stress since they may feel higher satisfaction than other job groups in 
the same firm. 
Long work hours can cause fatigue particularly due to sleep loss, which is related to the 
incidence of hypertension. The National Academy of Science, Engineering, and Medicine (2016) 
and Czeisler (2015) review the existing studies on the effect of sleep loss and fatigue on health 
risks. They argue that sleep loss can cause fatigue and physiological changes to human bodies, 
which can increase a number of health risks including hypertension. Citing Spiegel et al. (1999) 
and Leproult et al. (1997), Saltzman and Belzer (2002) also point out that the loss of sleep can 
exacerbate the severity of age-related illnesses, including hypertension. Particularly for 
hypertension, Suka et al. (2003) find that persistent insomnia, which causes sleep loss, can be an 
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important factor predicting hypertension. They use the data from annual health examinations in a 
telecommunication firm in Japan. Their descriptive statistics shows that subjects with persistent 
insomnia are approximately 10 percent more likely to suffer from hypertension. The result implies 
that sleep loss can increase the probability of having hypertension. 
Truck drivers work long hours, on average 63 hours a week (Belman et al., 2004). This 
finding is consistent with that in the NIOSH survey data (Sieber et al., 2014), which shows that on 
average, truck drivers work slightly more than 63 hours a week (see Table 3-2 below). According 
to the Bureau of Labor Statistics (2010), on average Americans worked 38 hours a week in 2010. 
This means that long-haul truck drivers work 25 hours (66%) longer than the national average. 
Belzer and Sedo (2018) write that truck drivers work such long hours because of low wages and a 
backward-bending labor supply curve. With backward bending labor supply, truck drivers work 
fewer hours if their wages are high enough to purchase leisure. In other words, lower wages can 
induce drivers to work excessively, which leads to shorter sleep hours and intensifies their fatigue.  
3. Theory 
The theoretical background of this paper is given by Grossman’s model. In Grossman’s 
model, households face a tradeoff between income and health under a time constraint. Households 
need to work to earn income. Households also need to invest time to improve their health conditions. 
That is, health is a product of health investment. In the context of the trucking industry, health 
investment particularly implies taking enough sleep and rest to recover from their fatigue.   
Mathematically, truck drivers face the following utility maximization problem. 
Maximize 𝑈(𝐶, 𝐻) subject to the constraints: 
𝐶 ≤ 𝑤𝐿, 
𝐿 + 𝐼 ≤ 𝑇, and 
𝐻 = 𝑓(𝐼) = 𝐼𝛼  , where 0 < 𝛼 < 1. 
Truck drivers’ utility function 𝑈 is an increasing function of consumption goods 𝐶  and 
health 𝐻: 𝜕𝑈 𝜕𝐶⁄ > 0 and 𝜕𝑈 𝜕𝐻⁄ > 0. We ignore the disutility of labor in this model to simplify 
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the analysis. The marginal utility for either good is decreasing for each good: 𝜕2𝑈 𝜕𝐶2⁄ < 0 and 
𝜕2𝑈 𝜕𝐻2⁄ < 0. This first constraint requires that truck drivers’ purchase of consumption goods lies 
within their income. In the first constraint, 𝑤 and 𝐿 represents wages and work hours respectively. 
The second constraint represents the time constraint. In the second constraint, 𝐼 is the time for 
investing in health, and 𝑇 is the total endowment of time. Truck drivers need to work and invest in 
health within the time endowment. The third constraint is the output of health as a return to health 
investment (𝐼). The production function of health is increasing for health investment, and its 
marginal return is diminishing in health investment: 𝑓′ > 0 and 𝑓′′ < 0. 
Combining the three constraints, we cancel 𝐿  and 𝐼  and obtain the frontier of feasible 
consumption of consumption goods and health: 
𝐶
𝑤
+ 𝐻1 𝛼⁄ ≤ 𝑇. 
Since 𝑑𝑐 𝑑𝐻⁄ < 0  and 𝑑2𝐶 𝑑𝐻2⁄ < 0 , the locus of this constraint is given by the 
downward sloping concave curve. The optimal quantities of consumption goods and health are 
given by the point where the indifference curve of 𝑈(𝐶, 𝐻) and the constraint are tangent to each 
other. 
Realizing that working fewer hours is good for health, truck drivers may trade leisure for 
work hours in an attempt to maximize their utility. In other words, they need to decide how many 
hours to work to buy consumption goods and how many hours to invest in health. Nonetheless, 
since drivers’ work depends on their employers’ and clients’ demands, they have a limited control 
over their work hours. Hence, their work hours may not be optimal.  
This utility maximization problem is depicted in Figure 3-1. The horizontal axis represents 
drivers’ income, and the vertical axis represents drivers’ health. The convex curves are the 
indifference curves of their utility function. The concave curve represents their frontier of feasible 
combinations of income and health. The frontier of feasible combinations is concave for two 
reasons. First, drivers have a time constraint. Therefore, they face the tradeoff between income and 
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health. Working longer hours, truck drivers must give up the same hours of resting. This makes the 
frontier become downward sloping. Second, the marginal returns for health investment diminishes 
as health investment increases. This is based on the intuition that if an unhealthy person improves 
her life style somewhat, her health improves substantially. On the other hand, if a relatively healthy 
person does the same thing, her health improves to a lesser extent. Because of this, the frontier of 
feasible consumptions bends down and slopes downward. 
Ideally, truck drivers choose the combination of consumption goods and health at point E, 
which is the optimal combination of the two goods. In fact, drivers cannot necessarily choose the 
optimal combination of income and health because drivers’ work hours largely depend on the tasks 
which trucking firms assign. That is, once truck drivers are dispatched, they need to do one delivery 
after another. Doing multiple deliveries consecutively, they often need to be away from home for 
weeks. In such circumstances, drivers accept the combination of the goods at a point like A in 
Figure 3-1. At point A, drivers accept poorer health for more consumption goods than the optimal 
level. Drivers may often have to accept the combination at a point like B. That is, they want to work 
longer and earn higher income, but they stop working because they are not assigned a task. However, 
it is plausible to say that such a case is very rare given the fact that drivers work more than 60 hours 
a week (Belman et al., 2004). When drivers are not assigned tasks for a certain period, they are 
most likely to wait away from home for directions from the dispatchers and accept more work. As 
a result, they rarely choose a combination at a point like point B. 
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 Figure 3-1 Truck Drivers’ Maximization 
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The autonomy to choose work hours may depend on trucking firms. Some trucking firms 
may have worse employment practices than others. If so, some drivers are forced to choose 
combinations that are further way from the optimal combination while others choose 
combinations relatively close to the optimal one. As a consequence, some drivers work longer 
than others, so that they are more likely to suffer from health risks. In the context of the current 
study, such drivers are more likely to have hypertension.   
Below, we examine the hypothesis that work hours are positively associated with the 
probability of hypertension. In the context of health economics, hours of rest can be regarded as 
the time investment in health to heal their fatigue. If drivers work longer, they have less time for 
resting to recover from fatigue or fewer hours of health investment. 
4. Data 
We use the National Survey of Long-Haul Truck Driver Health and Injury (the NIOSH 
survey data). The NIOSH survey was collected by the National Institute for Occupational Safety 
and Health (NIOSH) in the Centers for Disease Control and Prevention (CDC) in 2010. The 
purpose of the NIOSH survey was to gather data on long-haul truck drivers’ occupational safety 
and health conditions. The NIOSH survey covers only long-haul drivers of “heavy and tractor-
trailers (trucks having a capacity of at least 26,000 pounds Gross Vehicle Weight (GVW)” with 
“freight delivery routes [that] require them to sleep away from home” (NIOSH, 2015). Moreover, 
the long-haul truck drivers in this survey drove a truck with three or more axles as their main job 
for at least 12 months and took at least one mandatory 10-hour rest period away from home during 
each delivery (Chen et al., 2015). These NIOSH survey data are the most recent data on truck 
drivers’ working conditions and occupational health.   
The NIOSH survey data include both employee drivers and owner operators. Employee 
drivers are the majority and account for approximately 60 percent of the entire survey sample. I 
exclude owner operators from the sample because employee and owner operator drivers work under 
different conditions. Such a difference in work conditions may be linked to certain characteristics 
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which are not observed in the data but affect the result. Unlike employee drivers, owner operators 
normally finance various types of operating cost out of their pocket: capital cost, fuel and 
maintenance cost, insurance, tolls, electronic devices (for example, satellite receivers, transmitters 
and transponders), license, and permits (Belzer, 2009; Murray et al., 2006). Therefore, we restrict 
analysis to employee drivers.  
5. Descriptive Statistics 
In the NIOSH survey, there are two questions regarding drivers’ hypertension history. The 
first question is whether truck drivers take anti-hypertensive medications currently. The second 
question is whether they have been diagnosed with hypertension by health care professionals. The 
NIOSH survey has three types of hypertension history among truck drivers. The first type is the 
drivers who have been diagnosed with hypertension and are taking anti-hypertensive drugs 
currently. The second type is the drivers who have been diagnosed with hypertension and are not 
taking anti-hypertensives currently. The third type is the drivers who have not been diagnosed with 
hypertension (see Table 3-1).  
Table 3-1 Hypertension History 
Hypertension History Number  Percentage 
Taking Medication 186 25.76 
Diagnosed but not Taking Medication 64 8.86 
No Hypertension History 472 65.37 
 
The Federal Motor Carrier Safety Administration (2017) requires that drivers take medical 
exams every two years to continue to operate, and this exam measures blood pressure; this provides 
some reliability at least beyond a two-year window. Approximately 34 percent of drivers have been 
diagnosed with hypertension. As Table 3-1 reports, 25.76 percent of drivers are taking anti-
hypertensive medication, while 8.86 percent of drivers have been diagnosed with hypertension but 
are not taking medication. It should be noted that this percentage is not the percentage of drivers 
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who really have hypertension, because some number of drivers likely have hypertension but have 
not been diagnosed, probably because they became hypertensive during the two-year interval and 
may not yet have been diagnosed with hypertension.  
To compare with the general population, we grouped drivers by age groups and computed 
the hypertension prevalence in each age group: 18-39, 40-59, and 60 or older. Yoon et al. (2015) 
demonstrate the hypertension prevalence among the public in the U.S. based on the National Health 
and Nutrition Examination Survey. According to them, hypertension prevalence is 7.3 percent in 
the age group of 18-39; 32.2 percent in the age group of 40-59; and 64.9 percent in the age group 
of 60 or older. These percentages include controlled hypertension. In the NIOSH survey data, 
approximately 25 percent of drivers of 18-39 years old have hypertension; approximately 36 
percent of drivers of 40-59 years old have hypertension; and approximately 51 percent of drivers 
of 60 years old or older have hypertension. Relative to the general population, hypertension is 
observed more frequently in the young cohort of truck drivers. 
Table 3-2 shows the descriptive statistics of continuous variables of the entire sample of 
employee drivers and each category of hypertension: No Hypertension History, Hypertension 
without Medication, and Hypertension with Medication. The first category shows the samples that 
exclude and include the medicated drivers. The importance of this distinction will become clear 
below when we explain some descriptive statistics by hypertension histories. For the time being, 
we point out that both samples do not look much different in terms of aggregate statistics. The mean 
and median of employee drivers’ work hours are roughly 63-64 hours a week whether we include 
medicated drivers in the sample or not. This is different from Sieber et al. (2014), who write that 
the average weekly hours are 60 hours. The samples are different in their paper because the current 
paper excludes owner operators’ data. Furthermore, Sieber et al. use the weight based on the truck 
stops where interviews are conducted. However, we do not use such a weight. Theoretically, the 
weight based on survey locations is justified when each location is expected to have certain 
tendency about work hours. That is, drivers who stop at one truck stop tend to work longer than 
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those who stop at another truck stop. However, long-haul truck drivers stop at different truck stops 
across the U.S. depending on their origins and destinations. Thus, it is not clear that drivers who 
stop at certain truck stops on the date of the NIOSH survey have particular tendency in terms of 
work hours. 
Another important finding is that the truck drivers’ mean Body Mass Index (BMI) is 
approximately 30, which is the medical threshold value to distinguish obesity with overweight. 
Hege et al. (2017) show that the prevalence of obesity among U.S. long-haul truck drivers is 64 
percent. In the NIOSH survey, roughly 60 percent of employee drivers are obese, which is 
consistent with their finding despite the difference in the sample size.  
Table 3-2 also shows weekly work hours, age, BMI and weekly non-driving duty hours by 
hypertension history. On average, drivers who take anti-hypertensive drugs currently work fewer 
hours than the other two types of driver. This seemingly puzzling statistic can be due to the effect 
of hypertension on work hours. Drivers who need medication currently are likely to have relatively 
serious symptoms of hypertension. Such drivers may avoid working long hours, being anxious 
about the further progress of hypertension, which can eventually lead to cardiovascular disease, 
including stroke. Intuitively, these drivers may have been advised by their medical provider that 
they should work fewer hours. If drivers being treated for hypertension, including taking anti-
hypertensive drugs, work fewer hours, they lower the average work hours of drivers with 
hypertension.    
Table 3-2 Employee Drivers’ Weekly Work Hours, Age, BMI and Weekly Non-driving Duty Hours 
by Hypertension History 
  Variable Mean Median Std Dev 
All Weekly Work Hours 63.15 63.00 24.23 
(N=722) Age 46.52 47.00 10.28 
 BMI 32.41 31.43 7.13 
  
Weekly Non-Driving Duty 
Hours 
15.19 10.00 16.90 
No Hypertension  Weekly Work Hours 62.88 62.00 23.36 
(N=472) Age 44.72 45.00 10.07 
 BMI 31.52 30.51 7.01 
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Weekly Non-Driving Duty 
Hours 
14.87 10.00 15.62 
Hypertension without 
Medication 
Weekly Work Hours 72.62 70.00 27.54 
(N=64) Age 44.81 45.50 10.38 
 BMI 31.90 29.98 7.83 
  
Weekly Non-Driving Duty 
Hours 
20.13 13.5 24.7 
Hypertension with Medication Weekly Work Hours 60.58 60.00 24.54 
(N=186) Age 51.68 53.00 9.00 
 BMI 34.84 34.36 6.64 
  
Weekly Non-Driving Duty 
Hours 
14.30 10.00 16.55 
 
Table 3-3 shows the descriptive statistics of indicator variables. Non-driving pay is an 
indicator variable which equals one if drivers are paid for non-driving duties or equals zero 
otherwise. In the trucking industry, many drivers are assigned not only driving duties but also non-
driving duties: loading, unloading, waiting for dispatch directions, waiting to load or unload, 
performing ancillary tasks like regulatory and business responsibilities (such as record-keeping), 
and both maintenance and repair.  Approximately half of truck drivers are not paid for such non-
driving duties.  
It should be noted that when truck drivers are paid for non-driving labor, they are not 
necessarily paid for all non-driving duties assigned. For instance, even if drivers are paid for loading 
or unloading duties, they probably are not paid to wait for their dispatchers’ directions. Indeed, 
some types of non-driving duties are more likely to be paid than others. The survey which 
University of Michigan Trucking Industry Program conducted in 1997 reveals that 44.7 percent of 
truck drivers are paid for loading and unloading, but only 21.2 percent of truck drivers are paid for 
dropping and hooking (Belman et al., 2004).7  
These descriptive statistics suggest that there is a large difference in the percentage of paid 
drivers depending on the types of task. Unfortunately, the data do not distinguish which non-driving 
                                                          
7 These numbers are not additive since they are counted as separate pieces of work. That is, some drivers 
are paid for all of these non-driving duties, but others are paid for only one of them or neither. 
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duties in the data set are paid and which are not. It is also not known in the data how much they are 
paid for non-driving duties in total. Hence, the best thing that we can do to quantify non-driving 
pay is to set the indicator variable to distinguish drivers who are paid at least partially with those 
who are not paid at all for non-driving duties.  
Health insurance is an indicator variable which equals one if employers provide health 
insurance for drivers or equals zero otherwise. Employment-based health insurance is offered to 
roughly 60-62 percent of employee drivers. In the NIOSH survey data, there are two questions 
related to drivers’ status of health insurance: “Does your employer or union offer you health 
insurance?” and “Are you covered by any type of health insurance or health care plan?” Some 
drivers are offered employment-based health insurance, yet are covered by no health insurance. 
Since these drivers do not have employment-based health insurance, they are treated as zero in 
constructing the indicator variable. On the other hand, drivers can be offered health insurance by 
their employers and decline the coverage (for which they may have to pay out of pocket), yet be 
covered by some health insurance other than their own employment-based health care. These 
drivers may be covered, for example, by their spouses’ health insurance. The NIOSH survey does 
not have the information to distinguish such drivers from those who are covered by employment-
based health insurance. Therefore, we treat these two types of drivers as one in constructing the 
indicator variable. This variable also does not measure the quality of health insurance. In reality, 
the coverage of health insurance plans is diverse in the U.S. insurance market depending on 
insurance plans. Though such a difference in the qualities of insurance plans can affect drivers’ 
health care utilization, this survey does not report detailed data on health insurance plans. 
Long-haul trucking comprises less-than-truckload (LTL) and truckload (TL) sectors. The 
LTL sector deals with comparatively light freight shipments (150-10,000 pounds per shipment) and 
carries multiple clients’ properties on a single truck. On the other hand, the TL sector coveys 
comparatively heavy freight shipments (over 10,000 pounds per shipment) and usually carries a 
single owner’s cargo on one truck (Burks et al. 2010). LTL is the indicator variable which equals 
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one if drivers work in the LTL sector or equals zero otherwise. LTL drivers account for roughly 20 
percent of the sample. 
Some truck drivers operate trucks with another driver. While one driver is driving a truck, 
the other driver is sleeping. This practice is called team driving. Team is the indicator variable 
which equals one if drivers operate trucks as team drivers or equals zero otherwise. Team drivers 
account for approximately 14-15 percent of drivers. 
Union is the indicator variable which equals one if drivers are a member of a labor union 
or equals zero otherwise; 2.62 percent of drivers are union drivers. In the 1997 UMTIP survey data, 
15.5 percent of employee drivers are union members. The data suggest a sharp decline in union 
density among drivers between 1997 and 2010. The change in truck drivers’ union density becomes 
clearer by comparing it with that of the general population. Hirsch and Macpherson (2017), 
reporting data from the Current Population Survey (CPS), show that the union membership rate for 
driver/sales workers and truck drivers was 19.6 percent in 1997 and 12.8 percent in 2017. The CPS 
category of driver/sales workers and truck drivers contains a wider range of jobs, such as short haul 
and local jobs. In this sense, the union membership rates in the NIOSH survey and Hirsch and 
Macpherson are not perfectly comparable, but the membership rates in the two data are consistently 
falling during this period.8  
Table 3-3 Descriptive Statistics of Categorical Variables 
  Variable Percentage 
All  Non-driving Pay 48.34 
(N=722) Health Insurance 62.33 
 Less-than-Truckload 20.36 
 Team 13.57 
 High School 78.67 
 White 70.64 
 Married 51.66 
 Male 93.35 
  Union 2.63 
                                                          
8 Importantly, Hirsch and Macpherson (2017) include all truck drivers, including driver/ sales workers 
driving trucks whereas the NIOSH survey data cover employee long-haul truck drivers. That is, the sample 
of the NIOSH survey data are narrower than that of CPS.  
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No Hypertension  Non-driving Pay 48.52 
(N=472) Health Insurance 59.11 
 Less-than-Truckload 22.03 
 Team 14.62 
 High School 78.81 
 White 68.64 
 Married 48.52 
 Male 91.74 
 Union 2.54 
Hypertension with Medication Non-driving Pay 43.75 
(N=64) Health Insurance 68.75 
 Less-than-Truckload 14.06 
 Team 17.19 
 High School 73.44 
 White 73.44 
 Married 50 
 Male 93.75 
  Union 3.13 
Hypertension without Medication Non-driving Pay 49.46 
(N=186) Health Insurance 68.28 
 Less-than-Truckload 18.28 
 Team 9.68 
 High School 80.11 
 White 74.73 
 Married 60.22 
 Male 97.31 
  Union 2.69 
Notes: Non-driving pay distinguishes drivers who are paid for non-driving duties at least in part 
from those who are not paid at all for non-driving duties. If non-driving labor is compensated, 
drivers are not necessarily paid for all non-driving work.  As long as they are paid for some non-
driving duties, the variable equals one. “Health insurance” distinguishes drivers who are offered 
health insurance by their employers and actually covered by some health insurance; people who 
are offered health insurance by their employers but have no insurance are treated as not having 
employment-based health care.  Less-than-Truckload distinguishes drivers working in the Less-
than-Truckload sector and those working for Truckload sector. Team distinguishes team drivers. 
High School distinguishes drivers who have a high school diploma from those who do not have it. 
White distinguishes white drivers from non-white drivers. Married distinguishes drivers married 
drivers. Male distinguishes male drivers from female drivers. Union distinguishes union and non-
union members. 
 
6. Analysis 
In section 3, the theoretical model treats health as a deterministic product of health 
investment. That is, if individuals input a certain quantity health investment, they generate a certain 
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quantity of health deterministically. In fact, individuals’ health conditions are not determined solely 
by health investment. Some people can suffer from hypertension despite working fewer hours. 
Others, on the other hand, do not suffer from hypertension though they work quite long hours. In 
other words, the effect of work hours on the incidence of hypertension is not deterministic but 
probabilistic. Health investment does not guarantee that drivers stay healthy, but it raises the 
probability of staying healthy. 
To explore if wages affect the probability of hypertension, we employ a multinomial logit 
regression model, which measures the contribution of each factor to the probability of an event. 
The reference group is drivers with no hypertension history. The regression estimates the effect of 
each independent variable on the probability of having hypertension and taking medication and the 
probability of having hypertension but not taking medication in reference to having no hypertension 
history. The multinomial logistic regression equation is formulated in the following way: 
𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑖 = 𝑘|
𝑘 = 𝑛𝑜 ℎ𝑦𝑝𝑒𝑟𝑡𝑒𝑛𝑠𝑖𝑜𝑛, ℎ𝑦𝑝𝑒𝑟𝑡𝑒𝑛𝑠𝑖𝑜𝑛 𝑤𝑖𝑡ℎ 𝑚𝑒𝑑𝑖𝑐𝑎𝑡𝑖𝑜𝑛,
𝑜𝑟 ℎ𝑦𝑝𝑒𝑟𝑡𝑒𝑛𝑠𝑖𝑜𝑛 𝑤𝑖𝑡ℎ𝑜𝑢𝑡 𝑚𝑒𝑑𝑖𝑐𝑎𝑡𝑖𝑜𝑛 
) 
= 𝛼 + 𝛽1 × 𝑙𝑛(𝑊𝑜𝑟𝑘 𝐻𝑜𝑢𝑟𝑠) + 𝛽2 × 𝑁𝑜𝑛𝑑𝑟𝑖𝑣𝑖𝑛𝑔 𝑃𝑎𝑦 + 𝛽3 × 𝐻𝑒𝑎𝑙𝑡ℎ 𝐼𝑛𝑠𝑢𝑟𝑎𝑛𝑐𝑒 
+𝛽4 × 𝐿𝑇𝐿 + 𝛽5 × 𝑊ℎ𝑖𝑡𝑒 + 𝛽6 × 𝐴𝑔𝑒 + 𝛽7 × 𝑇𝑒𝑎𝑚 
+𝛽8 × 𝑈𝑛𝑖𝑜𝑛 + 𝛽9 × 𝐵𝑀𝐼 + 𝛽11 × 𝐻𝑖𝑔ℎ 𝑆𝑐ℎ𝑜𝑜𝑙 
                       +𝛽11 × 𝑀𝑎𝑙𝑒 + 𝛽12 × 𝑀𝑎𝑟𝑟𝑖𝑒𝑑 + 𝜀                                                                          
On the right-hand side, the variable of interest is the natural logarithm of weekly work 
hours, ln(Work hours).9 Weekly work hours, which are reported in the NISOH survey data, may 
not be representative work hours for all drivers because those in the NIOSH survey are those 
working during seven days prior to the survey date. Truck drivers’ work hours are contingent on 
their work shift, which is dictated by their task assigned. Truck drivers are typically assigned 
multiple deliveries and pickups one after another once they are dispatched. That is, when they finish 
one delivery, they may be given another delivery without going home. For this reason, truck drivers’ 
                                                          
9 We take the natural log to control observations with extremely long work hours. 
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work hours are quite irregular depending on their employers’ demand. This means that the wages 
calculated from weekly work hours are rough estimates. 
The rationale for using each control is given in the following.  
Non-driving Pay: Non-driving duties which are not paid can make drivers work for longer 
hours to compensate for the loss of income. It may increase their work hours and health risks. 
Health insurance: The effect of health insurance on hypertension is ambiguous. On one 
hand, health insurance decreases the probability of suffering from hypertension because truck 
drivers with employment-based health insurance are more likely to visit doctors and obtain medical 
advice to prevent or treat hypertension. On the other hand, if truck drivers visit doctors, 
hypertension is more likely to be detected, which increases the probability of reporting 
hypertension. Whichever way health insurance may affect hypertension, controlling the effect is 
essential. Though drivers are legally required to take a physical examination every 24 months 
(Federal Motor Carrier Safety Administration, 2017), they may become hypertensive during the 24 
months between exams. 
Less-than-Truckload (LTL): LTL drivers may work under more generous conditions than 
Truckload (TL) drivers, including greater schedule predictability, and the NIOSH LHTDS may 
under-sample over-the-road LTL drivers because of the minimum requirement to spend three 
layovers away from home. If so, LTL drivers may be exposed to lower job stress than TL drivers. 
While the median LTL driver works 60 hours weekly, the median TL driver works hours 65 hours 
weekly. In addition to weekly work hours, LTL drivers are less exposed to a tight delivery schedule, 
which can cause job stress and fatigue. In my final sample of employee drivers, 34.86 percent of 
LTL drivers say that they have never been assigned an unrealistically tight delivery schedule while 
21.80 percent of TL drivers say that they have never been assigned an unrealistically tight delivery 
schedule.  
Such differences in drivers’ working conditions can be attributed to a couple of institutional 
differences between the two sectors. First, while both sectors are quite competitive, the intensity of 
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competition in the LTL sector is lower than that in the TL sector. In the LTL sector, trucking firms 
need to operate terminals where they load and unload the freight. The cost of obtaining and 
managing terminals, and the cost of operating a pickup-and-delivery network to service the 
terminals, bars new entry to the LTL sector. Second, the LTL sector has been more unionized than 
TL sector traditionally (Burks et al., 2010). This may help drivers bargain collectively for a healthy 
work environment. Though the percentage of union drivers is quite small (4.3 percent in the LTL 
sector), collective bargaining leads to better working conditions.  
Team: Theoretically, the effect of team driving on health is not obvious. On one hand, team 
drivers may sleep longer. On the other hand, they may operate more continuously at night changing 
the role of driving, which can cause job stress. Moreover, team drivers normally need to sleep in 
the sleeper berth in the moving truck, which may lower the quality of sleep. Thus, team driving 
may affect drivers’ health either negatively or positively. Though the total effect on health is 
ambiguous, we control for the effect of this work practice and incorporate this variable in the model. 
Union: We expect that union members have better working conditions than non-union 
members owing to greater bargaining power. Thus, union drivers may be less exposed to harsh 
work conditions that can harm drivers’ health. Although few studies analyze the effect of union 
status on drivers’ health, there are studies which indicate that labor union possesses bargaining 
power on compensation (Belzer, 2000; Belzer, 1995; Ge, 2014; Gabriel and Schmitz, 2014). Given 
that labor union maintains the bargaining power on wages, it may also have the bargaining power 
on healthy work conditions.   
BMI: BMI is inserted in the model since a study finds that there is a positive correlation 
between BMI and the incidence of hypertension (Thiese et al., 2015). 
We also use several demographic controls: High School Diploma, White, Age, Gender, 
and Marital Status. 
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7. Results 
Table 3-4 shows the results for the multinomial logit regressions presented in section 3. In 
both Multinomial Logit (1) and Multinomial Logit (2), the reference group is the drivers who are 
not diagnosed with current hypertension. The column “Medicated” shows the effect of independent 
variables on the probability of taking anti-hypertensive drugs, and the column “Not Medicated” 
shows the effect of independent variables on the probability of having hypertension but not taking 
anti-hypertensive drugs.  
Work hours do not significantly affect the probability of having anti-hypertensive drugs 
(Multinomial Logit (1)). However, more work hours significantly raise the probability of having 
hypertension but not having anti-hypertensive drugs (Multinomial Logit (2)). The magnitude of its 
marginal effect on the probability of having hypertension but not taking medication is also very 
close in both models. The magnitude of the marginal effect of work hours is approximately 0.1 
percent at the mean work hours of 63. 10. That is, if work hours increases from 63 to 64, the 
probability of having hypertension rises by roughly 0.1 percent. The effect of health insurance is 
significant in Multinomial Logit (1), but it becomes insignificant when controls are added in 
Multinomial Logit (2). Age and BMI are positively and significantly associated with a higher 
probability of having anti-hypertensive drugs. Nonetheless, they do not influence the probability 
of having hypertension but not having anti-hypertensive drugs. 
Appendix B gives the Pearson correlation coefficients between independent variables. 
Based on the results, multi-collinearity between does not seem to be large. 
Table 3-4 The Results for the Multinomial Logit Regressions (Reference Group=Drivers with No 
Hypertension) 
Coefficient Multinomial Logit (1) Multinomial Logit (2) 
  Medicated 
Not 
Medicated Medicated 
Not 
Medicated 
                                                          
10 We converted the coefficient into the marginal effect following the method shown in Greene (2011). 
Converting the coefficient into the marginal effect, we obtain approximately 0.07. Therefore, a unit 
increase in work hours (not in logarithmic scale) leads to 7*(ln(X+1)-ln(X))=7*ln(1+1/X)%. Then at the 
mean of X=63 hours, if work hours increase from 63 to 64, we have 7*(ln(1+1/64)=0.13%. 
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Intercept 0.43 -5.84*** -8.22*** -6.61*** 
ln(Work Hours) -0.37 0.89** -0.17 0.90** 
Non-driving Pay -0.055 -0.16 -0.091 -0.16 
Health Insurance 0.41** 0.39 0.25 0.37 
Less-than-Truckload -0.19 -0.43 0.058 -0.43 
Team -0.45 0.24 -0.034 0.34 
Age   0.081*** 0.0044 
High School Diploma   0.046 -0.23 
White   0.064 0.26 
Married   0.13 -0.037 
Male   1.11** 0.36 
Union   -0.3 0.0022 
BMI   0.081*** 0.0067 
     
N 722  722  
Likelihood Ratio Test 
Statistics 25.02 (p=0.0053) 131.3329 (p<0.0001) 
Notes: *p< .01; **p< .05; ***p< .1. All p values are for two-tailed test. The variables are defined 
in the notes in Tables 2 and 3. 
 
8. Discussion 
Longer work hours are associated with a higher probability of suffering from hypertension 
but not taking hypertension medication. The positive relationship between work hours and 
hypertension implies that long work hours decrease the time for drivers to rest and recover from 
fatigue, which can be an intermediate linkage between work hours and hypertension. In terms of 
the economic model in section 3, drivers choose portfolios of higher income (relative to other jobs, 
such as production workers) and poorer health. This can be interpreted in two ways. First, drivers 
choose high income (by working long hours) and poor health because they are forced to choose 
suboptimal portfolios.  Drivers are not allowed to choose such work hours at will since they need 
to stay away from home for a long period of time. Hence, they may have to choose work hours that 
are longer than the optimum. Second, drivers may choose the optimal work hours, but the optimal 
work hours may be excessive such that it damages their health. 
The magnitude of the effect of work hours is, however, relatively small based on our result. 
The small magnitude may be explained by the quality of the data on work hours. In the NIOSH 
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survey, work hours are weekly work hours seven days prior to the survey, which may not represent 
each driver’s average weekly work hours. Some drivers may have worked either longer or fewer 
hours than usual. 
The result also has a policy implication: reducing drivers’ work hours is essential to 
decrease the susceptibility to hypertension. To this end, two policies may be necessary. First, policy 
makers need to regulate drivers’ mileage pay rates. As Belzer and Sedo (2018) point out, drivers 
tend to work fewer hours when their pay rate is higher; at a “safe rate” they start to trade leisure for 
income. If so, setting a sufficiently high minimum mileage pay may reduce drivers’ work hours 
and susceptibility to hypertension. Second, the current HOS regulation may need to be changed so 
that it can control drivers’ work hours. Under the current HOS regulations, drivers are not allowed 
to drive after 60 hours on duty in 7 consecutive days. Since the median driver works more than 60 
hours, this may increase drivers’ risk of hypertension. 
On the other hand, it is counter-intuitive that longer work hours are not associated with the 
higher probability of taking anti-hypertensive drugs. This may be because hypertensive drivers 
whose symptoms are so serious work fewer hours for fear of the further progress of hypertension. 
Hence, even if longer work hours increase the probability of hypertension, the coefficient for work 
hours is not significantly positive. Moreover, drivers taking medication are older and more obese 
than drivers who have been diagnosed with hypertension but are not having medication. Such 
specific characteristics among medicated drivers can also disturb the significance of the effect of 
work hours on hypertension. This also implies that some previous studies that show a negative 
relationship between work hours and hypertension can be misleading. For example, Nakanishi et 
al. (2001) show a negative relationship between work hours and hypertension and conclude that 
association between long hours may not be associated with hypertension. However, the result can 
be due to the fact that people who realize that their blood pressure is high may change their behavior 
and work less. If so, it cannot be concluded that long work hours are not related to hypertension. 
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The coefficient for employment-based health insurance significantly increases the 
probability that drivers have medication in the absence of other controls. However, the significance 
disappears when the regression includes the controls. Hence, this effect of employment-based 
health insurance may be a product of omitted variable bias. 
9. Conclusion 
In this paper, we examined how employee truck drivers’ work hours affect the probability 
that they suffer from hypertension. If we limit the sample in drivers who are not taking medication 
currently, the results show that there is a positive relationship between truck drivers’ work hours 
and incidence of hypertension. Since drivers seem to reduce their work hours when they are 
prescribed medication, including drivers under medication nullifies the statistical significance of 
the effect of work hours on the probability of hypertension. This is likely to be because medicated 
drivers may decrease work hours for fear of the further progress of hypertension. 
An important limitation of this study is that the incidence of hypertension is based on the 
number of drivers who are diagnosed with hypertension by health care professionals. As is true of 
other health survey data, this can understate the real number of patients of hypertension in the 
sample. Although truck drivers are required to have physical examinations every 24 months, there 
may still be cases that they have hypertension but do not realize it during the two years. At least, 
we cannot deny this possibility conclusively.  
Despite this problem, the ample data of the NIOSH survey enables this paper to analyze 
the relatively large sample with many controls. As Saltzman and Belzer (2002) write, the truck 
drivers’ health conditions are problematic. This issue should be recognized as a negative externality 
in the trucking industry since health problems like hypertension threaten drivers’ lives and public 
safety, as well as worker health. According to the current paper, a part of the negative externality 
may be caused by truck drivers’ work hours. Hence, it is an urgent need to investigate further the 
association between work hours and health in the trucking industry. 
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CHAPTER 4 THE EFFECT OF TRUCK DRIVERS’ NON-DRIVING PAY ON WORK 
HOURS: EVIDENCE FROM THE NIOSH SURVEY DATA 
 
1. Introduction 
The purpose of this paper is to explore the effect of non-driving pay on truck drivers’ work 
hours. One of the compensation practices which is peculiar to the trucking industry in the United 
States (U.S.) and other some countries is payment based on miles driven. According to Friswell 
and Williamson (2013), nearly 66 percent of Australian long-haul truck drivers are paid based on 
miles driven. The truck drivers’ job is to carry freight to certain destinations. In the majority of 
cases in the U.S., trucking firms pay only for driving duties based on the miles driven or a 
percentage of revenue. 
However, driving is only one of the duties to which trucking firms assign drivers. In fact, 
truck drivers’ duties include non-driving work, including loading and unloading; waiting to load or 
unload; performing ancillary tasks like regulatory and business requirements such as record-
keeping; and performing or waiting for both maintenance and repair. According to a survey by the 
University of Michigan Trucking Industry Program, the sample average of truck drivers’ work 
hours per day is 11.4 hours; on average truckers drive 8.4 hours per day, and the sample average of 
hours of non-driving duties per day is 3.1 (Belman et al., 2004). This suggests that roughly speaking, 
27% of the average truck driver’s work hours are devoted to non-driving duties, which usually are 
unpaid. 
Truck drivers often are not paid for non-driving duties. Moreover, when drivers are paid 
for non-driving duties, they are not necessarily paid for all non-driving duties which they are 
assigned. According to Belman et al. (2004) cited above, 44.7% of truck drivers are paid for loading 
and unloading, and 21.2% of truck drivers are paid for dropping and hooking. This fact implies that 
most truck drivers have a substantial amount of time during which they are working for free. From 
the truck drivers’ perspective, such unpaid non-driving duties waste the opportunity cost of their 
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time. Being paid for miles driven, the time expended on unpaid non-driving work could otherwise 
have been spent putting on the miles, which earns them money.  
How do truck drivers behave if they face such a waste of time? Drivers may work longer 
hours to compensate for the loss of income. Conversely, if drivers are paid for non-driving labor, 
they may work less. Is this story true? In this paper, we examine how the remuneration for non-
driving duty affects truck drivers’ work hours. The effect of overall income and wages on work 
hours is also examined to benchmark previous studies. 
There are few previous papers that study the effect of truck drivers’ compensation, in 
general, on their work hours. Belzer and Sedo (2018) published the only paper that analyzes the 
effect of truck drivers’ compensation on their work hours. Their paper estimates the truck drivers’ 
labor supply curve with respect to mileage rates. The current paper focuses more on how non-
driving pay, which is a unique compensation practice in the trucking industry, affects drivers’ work 
hours. 
We show that pay for non-driving work can decrease truck drivers’ work hours. In other 
words, truck drivers paid for non-driving responsibilities work fewer hours than those not paid for 
this work. Furthermore, higher wages can also decrease their work hours. These results are 
important because long work hours may be related to drivers’ crashes and health problems. If pay 
for non-driving duties decreases drivers’ work hours, it may provide a rationale for requiring pay 
for non-driving labor in order to improve public health and safety outcomes.   
2. Literature and Contribution of this Paper 
The trucking industry has unique compensation practices, which many industries do not 
have. In other industries, workers’ pay is based on work hours, and only to a limited extent on 
piecework. Schildkraut (2003) shows that less than 5 percent of business establishments adopt piece 
rates or incentive pay as a compensation scheme in the general population. In contrast, long-haul 
truck drivers’ pay primarily is based on miles driven or on a percentage of motor carrier revenue. 
Long-haul truck drivers paid based on an hourly basis are a small minority (mainly United Parcel 
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Service, a Teamster-represented company). Non-driving duties, such as loading and unloading, are 
paid or unpaid depending on employer pay packages and carrier operations. 
Such a unique compensation system is an interesting subject of economic analysis. In 
particular, how truck drivers change their work hours based on compensation structure appears to 
be thought-provoking. Oddly enough, there are few studies which tackle this issue. Belzer and Sedo 
(2018) seem to have produced the only study that analyzes the effect of compensation on drivers’ 
work hours. Using a two-stage least-squares model, they estimate truck drivers’ labor supply curve 
with respect to mileage rates. They find that that the truck drivers’ labor supply curve is backward-
bending. This suggests that drivers have a target level of income, which they struggle to achieve. 
Until drivers achieve their target level of income, they continue to work, leading half of all long-
distance truck drivers to exceed general legal limits. Once drivers achieve their targets, they 
significantly reduce their work hours. This further implies that drivers work shorter hours when the 
mileage rate is higher than the backward-bending point, at which drivers start to purchase leisure 
by sacrificing income. 
Similar to Belzer and Sedo (2018), some studies analyze the effect of taxi drivers’ pay on 
work hours. Camerer et al. (1997) demonstrate that taxi drivers’ labor supply curve also slopes 
negatively with respect to wages. That is, taxi drivers also have a target level of income, which they 
also struggle to achieve. Once they achieve the target, they decrease their work hours significantly. 
Thus, taxi drivers’ labor supply curves slope backward once drivers achieve income that is high 
enough to purchase leisure with work hours—trading labor for leisure, as economic theory predicts. 
Crawford and Meng (2011) support this conclusion, finding that taxi drivers’ daily work hours are 
negatively related to daily cummulative income. This provides further support for the hypotheis 
that more highly paid drivers work shorter hours. Likewise using data on taxi drivers in San 
Fransisco and New York, Martin (2017) also finds that the probability that drivers stop working 
for a day increases with daily shift income. Nonetheless, applying the implications of these studies 
to truck drivers may require caution because work practices differ between these two occupations. 
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Compared with taxi drivers, truck drivers often need to be away from home for weeks, dispatched 
from one delivery to another as required by their employer and freight transport demand. 
The phnomenon that more highly paid workers work less can also be seen among workers 
in general. Indeed, Drakopoulos and Theodossiou (1997) use data on general workers in six regions 
in Britain and reveal that workers who earn more than their expected income significantly reduce 
work hours. 
None of these studies, including Belzer and Sedo (2018), focuses on the effect of non-
driving pay on work hours, which is a compensation practice peculiar to the trucking industry. 
Certainly, Belzer and Sedo (2018) show that the length of unpaid time increases truck drivers’ work 
hours, but they do not use non-driving pay as an independent variable. Thus, it is not clear if the 
result is due to the absence of non-driving pay. In other words, an increase in work hours may be a 
simple arithmetic truism that drivers work longer because they are assigned longer unpaid work 
time. Therefore, it should still be subject to a statistical study on whether the absence of non-driving 
pay induces drivers to work more. 
Investigating the effect of non-driving pay on work hours is important because it is related 
to truck drivers’ safety and health. According to Belman et al. (2004), truck drivers work 
approximately 64 hours a week on average. Similarly, Chen et al. (2015) report that the average 
long-haul truck driver works 60 hours per week. These numbers show that truck drivers overwork, 
which can cause fatigue and create safety and health problems (National Academy of Science, 
Engineering, and Medicine, 2016). In particular, studies indicate that long and irregular shifts 
threaten workers’ safety and health (Jovanis et al., 2012; Kaneko and Jovanis, 1992; Dembe et al., 
2005; Dembe et al., 2006; Dembe et al., 2004; Brachet et al., 2012; Lin et al., 1993). If non-driving 
pay is related to truck drivers’ work hours, it may also be linked to their safety and health. Motivated 
by this concern, this paper studies how non-driving pay affects drivers’ work hours. 
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3. Theory 
In this section we provide a theoretical framework with which to analyze how non-driving 
pay affects truck drivers’ work hours. Some empirical studies imply that commercial motor vehicle 
(CMV) drivers, such as truck drivers and taxi drivers, may have a certain target level of income 
which they try to achieve (Belzer and Sedo, 2018; Camerer et al., 1997; Crawford and Meng, 2011). 
These studies also imply that drivers’ work hours decline once their income reaches the target level. 
Given this hypothesis, pay for non-driving labor time can reduce long-haul truck drivers’ work 
hours since it makes it easier for drivers to achieve a target level of income without having to extend 
their work week unnecessarily. Because truck drivers’ pay mostly is based on piece rates, unpaid 
non-driving work hours create an opportunity cost of time for drivers. This may lead truck drivers 
to work longer to achieve a target level of income. Non-driving pay decreases the opportunity cost 
of non-driving duties by making it possible to achieve the target level of income in fewer hours of 
work.  
A mathematical interpretation of the target income hypothesis can be given by the utility 
function which has the point of regime change: the level of income at which marginal utility of 
income decreases acutely if income exceeds it. For example, an S-shaped function may describe 
this feature of the utility function precisely. In this function, the slope of the tangent line increases 
until the level of income reaches the critical point. Once income exceeds the critical point, the slope 
of the tangent line starts to decrease. The critical inflection point represents the target level of 
income. Under this utility function, drivers work until they achieve the target level of income since 
the marginal utility of income increases until income reaches the target level. Drakopoulos and 
Theodossiou (1997) propose a utility function which has a kinked point at which marginal utility 
turns out to decrease in a discontinuous way. An S-shaped utility function is an extension of 
Drakopoulos and Theodossiou’s utility function in the sense that marginal utility decreases at some 
point, but it does not need to happen discontinuously. Figure 4-1 shows the graphical expression of 
an S-shaped utility function. 
56 
 
  
Figure 4-1 S-Shaped Utility Function 
 
 
 
 
 
 
 
 
 
 
 
 
Note: In figure 4-1, I represents income; U(I) represents the utility of income; and I* represents the 
target level of income. 
 
The target income hypothesis, as well as neoclassical labor supply, also assumes that 
drivers have the liberty of choosing work hours and leisure. As Belzer and Sedo (2018) point out, 
truck drivers possess such liberty only to an limited extent. That is, once long-distance truck drivers 
leave home and begin a tour of duty, they may need to make one delivery after another if trucking 
firms assign multiple sequential loads. As a result, they may need to be away from home for weeks. 
Therefore, it is plausible to say that drivers exercise the liberty of choosing work hours in limited 
situations. For example, they may possibly be given a choice to haul another load or to go home 
when other drivers who drive in the adjacent area currently can do the same delivery instead. At 
least, at the margin, they may have the liberty to decline an additional load when they are 
approaching their legal work-hour limit. 
I 
I* 
U(I) 
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4. Data 
We use the National Survey of Long-Haul Truck Driver Health and Injury (the NIOSH 
survey data), which was conducted by the National Institute for Occupational Safety and Health 
(NIOSH) in the Centers for Disease Control and Prevention (CDC) in 2010. The NIOSH survey 
aims at collecting the data on long-haul truck drivers’ occupational safety and health. The survey 
focuses on long-haul drivers. Short-haul and local truck drivers are not included in this survey.  
The NIOSH survey defines long-haul truck drivers thus: “Long-haul truck drivers are 
drivers of heavy and tractor-trailers (trucks having a capacity of at least 26,000 pounds Gross 
Vehicle Weight (GVW)). Their freight delivery routes require them to sleep away from home” 
(NIOSH, 2015). NIOSH provides an additional specification in Chen et al. (2015). Chen et al. state 
that that the long-haul truck drivers in the NIOSH survey drove a truck with three or more axles as 
their main job for at least 12 months and took at least one mandatory ten-hour rest period away 
from home during each delivery. Drivers who have driven less than 12 months in their careers are, 
therefore, not covered by the NIOSH survey.  
The NIOSH survey contains both employee drivers and owner operators.  We exclude 
owner operators from our sample since their income seems to be incomparable with that of 
employee drivers. Owner operators normally pay the cost of operation on their own whereas 
employee drivers do not. The cost of operation includes but is not limited to capital cost, fuel and 
maintenance cost, insurance, tolls, electronic devices (for example, satellite receivers, transmitters 
and transponders), truck license, and permits (Hooper and Murray, 2017; Belzer, 2009). Such 
difference in compensation may lead to different behaviors between employee and owner-operator 
drivers, as well as different earnings calculations.  
Eliminating the subjects with missing data, we obtained the final sample of N=715. 
5. Descriptive Statistics 
The descriptive statistics of the variables in the model are shown in Table 4-1 and Table 4-
2. Table 4-1 shows the summary statistics for the continuous variables: work hours, income, job 
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experience, and age. The median and mean weekly work hours are approximately 63. This is 
consistent with the University of Michigan Trucking Industry Program (UMTIP) survey data, 
which report that employee drivers’ mean and median weekly work hours are 65.7 hours and 62.0 
hours  respectively (Belman et al., 2004). This implies that truck drivers work for long hours 
relative to average American workers, who work slightly fewer than 40 hours (U.S. Bureau of 
Labor Statistics, 2015). Moreover, the median work hours imply that many drivers may violate the 
spirit of the hours-of-service (HOS) regulation, if not the letter. HOS regulations state that drivers 
are not allowed to drive after 60 hours on duty in 7 consecutive days and can work no more hours 
than that. Nevertheless, drivers still can legally work more than 60 hours a week by taking 34 
consecutive hours off-duty after they reach this limit, after which they can reset cumulative work 
hours to zero. This allows them to work as many as 84 hours per week legally (Saltzman and Belzer, 
2007). They also can evade weekly HOS limits by logging their non-driving labor off duty, further 
extending their effective work hours, and they can do so while using electronic logging devices. 
Nonetheless, the purpose of the HOS regulation is to control drivers’ fatigue and prevent truck 
crashes. Working more than 60 hours a week, including non-driving duties, can be against the 
purpose of the HOS regulation to control drivers’ fatigue. 
The NIOSH survey shows that mean and median annual income are approximately $51,622 
and $50,000 respectively, which appears to be higher than other jobs which do not require extensive 
education. For example, U.S. production workers’ mean and median income is approximately 
$33,000 and $29,000 respectively. The mean and median annual miles driven are 114,546 miles 
and 120,000 miles respectively, and such mileage figures support the contention that truck drivers 
are working the long hours reported in the survey.  
Using the NIOSH data, we calculate mileage rates by dividing annual income by annual 
miles driven. The mean and median mileage rates thus calculated are $0.68 and $0.48 respectively. 
Strictly speaking, mileage rate calculated in this way is not the same as what drivers are paid per 
mile driven. Because the NIOSH survey data do not contain mileage rates set by trucking firms, 
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we use the ratio of annual earnings to annual miles driven as a rough approximation. The UMTIP 
dataset also measures the ratio of annual earnings to annual miles driven. According to UMITP in 
1997, the mean and median ratios of annual earnings to miles driven are $0.50 and $0.42 
respectively for non-union employee drivers and $0.60 and $0.62 respectively for union employee 
drivers.11 Unlike the NIOSH survey, UMTIP also collected the mileage rates which are set by 
trucking firms in addition to the ratio of annual earnings to annual miles driven. The mean and 
median estimated mileage rate is $0.38 for non-union employee drivers. For non-union drivers, the 
mean and median are $0.65 and $0.50 respectively.12 
In the NIOSH data, the mean and median percentages of non-driving duties hours out of 
total work hours are approximately 22 percent and 18 percent. In the UMTIP survey, roughly 
speaking, the mean and median percentages of non-driving duty hours are 27 percent and 18 percent, 
which are quite close to the percentages in the NIOSH survey data.13 
Table 4-1 Descriptive Statistics of Continuous Variables 
Variable Mean Median Std Dev 
Weekly Work Hours 63.03 62.00 24.21 
Annual Income 51,622.14 50,000.00 20798.29 
Annual Miles Driven 114,546.70 120,000.00 42250.34 
Mileage Rate 0.68 0.43 1.50 
Age 46.48 47.00 10.32 
Weekly Non-Driving Duty Hours/Weekly Work 
Hours 21.79 17.64 17.54 
Notes: Mileage Rate is the ratio of (Annual Income/Annual Miles Driven). Type distinguishes 
drivers who drives enclosed vans from those who drive other trucks. 
                                                          
11 Using 2010 as the base year, we adjusted for inflation the mean and median ratios of annual earnings to 
miles driven. According to UMITP in 1997, non-union employee drivers’ mean and median ratio of annual 
earnings to annual miles driven is $0.37 and $0.31 respectively, and those of union employee drivers are 
$0.44 and $0.38 respectively (Belman et al., 2004). On the other hand, the U.S. city average of Consumer 
Price Index for All Urban Consumers (CPI-U) is 160.5 in 1997 and 218.056 in 2010 (U.S. Bureau of Labor 
Statistics, 2017). Obtaining the inflation rate from 1997 to 2010 (218.056/1650.5) and multiplying the 
numbers by the inflation rate yields the values above. 
12 Likewise, we adjusted the mean and median mileage rates for inflation using 2010 as the base year. In 
the UMTIP survey data, both mean and median mileage rates set by firms are roughly $0.28 for non-union 
employee drivers in 1997; the mean and median mileage rates for union employee drivers are $0.48 and 
$0.37 respectively in 1997 (Belman et al., 2004). Multiplying these numbers by the inflation rate 
(218.056/1650.5) yields the values above. 
13 This rough estimates are computed from Belman et al. (2004), who show that the mean and median total 
work hours in 24 hours are 11.4 hours and 11 hours respectively, and the mean and median non-driving 
duty hours are 3.1 hours and 2 hours respectively.   
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Table 4-2 shows the summary statistics of indicator variables. The percentages on the table 
are those of drivers for whom each indicator variable equals one. Approximately half of the drivers 
are paid for at least some non-driving work. For instance, drivers may be remunerated for loading 
or unloading duties whereas they are not remunerated for waiting for dispatchers’ direction; 
commonly, long-haul truck drivers are paid by the stop (piecework) rather than by the hour, thus 
making their effective hourly compensation rate contingent on other unpaid time. Indeed, the 
University of Michigan Trucking Industry Program found that 44.7% of truck drivers are 
remunerated for loading and unloading, and 21.2% of truck drivers are remunerated for dropping 
and hooking (Belman et al., 2004).14 This fact suggests that there is a large difference in the 
percentage of drivers who are paid for each non-driving task, depending on the types of tasks and 
employers. The NIOSH survey data do not contain information on which non-driving duties are 
paid: loading and unloading; waiting to load or unload; and performing ancillary task like 
regulatory and business requirements such as record-keeping and both maintenance and repair. In 
addition, the NIOSH survey data do not contain information on the amount of non-driving pay that 
drivers receive if they are paid for non-driving duties. Therefore, the indicator variable of non-
driving pay equals one as long as drivers are remunerated for at least some non-driving duties. 
Team driving is a work practice of driving trucks with another driver. While one driver is 
operating a truck, the other driver is sleeping. Team driving is employed so that drivers can carry 
freight for longer distances without stopping. Roughly 13 percent of all employee drivers work in 
teams. 
Union drivers account for approximately 2 percent of the sample. In Hirsch and 
Macpherson (2018) based on the Current Population Survey (CPS), union membership among truck 
drivers was 12 percent in 2010, when the NIOSH survey was conducted. The difference may be 
explained by the fact that Hirsch and Macpherson’s statistics includes short-haul and local truck 
                                                          
14 These numbers are not additive since they are counted as separate pieces of work. That is, some drivers 
are paid for all of these duties, but others are paid for only one of them or neither. 
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drivers and driver/sales workers whereas the NIOSH survey includes only long-haul truck drivers. 
Indeed, the UMITP survey shows that 11 percent of long-haul truck drivers were union members 
in 1997 while Hirsch and Macpherson show that 21 percent of truck drivers are union members. 
This seems to provide indirect support for the view that the difference in union drivers’ percentage 
representation in the survey is due to the definition of truck drivers included used by NIOSH. 
However, we do not have any evidence on this issue. We also note that Hege et al. (2017) find that 
3.5 percent of long-haul truck drivers have union membership though their sample is relatively 
small (N=260). 
Long-haul trucking is segmented into less-than-truckload (LTL) and truckload (TL) sectors. 
The LTL sector carries relatively light freight (typically 150-10,000 pounds per shipment). The 
LTL sector also carries multiple clients’ freight on one truck. The TL sector carries relatively heavy 
freight (typically over 10,000 pounds per shipment). The TL sector also carries a single owner’s 
freight on one truck (Burks et al., 2010). LTL drivers account for roughly 20 percent of employee 
drivers. 
High School is an indicator variable which equals one if drivers have high school diploma 
and equals zero otherwise. In the original survey, drivers’ education is categorized more in detail: 
8th grader or less, 9th -12th grade (no diploma), GED or equivalent, high school graduate (diploma), 
some college (no degree), associate degree (vocational/technical), associate degree (academic), 
bachelor’s degree or higher. Relatively many drivers graduate from high school, but fewer drivers 
have bachelor or associate degree. Hence, we converted the variable into a binary variable which 
distinguishes drivers with a high school diploma from those without one. 
Table 4-2. Descriptive Statistics of Categorical Variables 
Variable Percentage 
Non-driving pay 48.53 
Team Drivers 13.57 
Union 2.52 
Less-than-Truckload 20.28 
Enclosed Van 50.35 
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White 70.63 
High School Diploma 78.74 
Male 93.15 
Married 51.89 
Notes: Non-driving pay distinguishes drivers who are paid for non-driving duties at least in part 
from those who are not paid for non-driving duties at all. If non-driving pay is paid, drivers are not 
necessarily paid for all non-driving duties.  As long as they are paid for a piece of non-driving 
duties, the variable equals one. Enclosed Van distinguishes drivers who drive enclosed vans from 
those who drive other trucks. Education distinguishes drivers who have a high school diploma from 
those who do not have one. 
 
6. Analysis 
We formulate the model in the following way: 
ln(𝑊𝐻) = 𝛼 + 𝛽1 × 𝑛𝑜𝑛𝑑𝑟𝑖𝑣𝑖𝑛𝑔 + 𝛽2 × ln(𝑚𝑖𝑙𝑒𝑎𝑔𝑒 𝑟𝑎𝑡𝑒) + 𝛽3 × 𝐿𝑇𝐿 
+𝛽4 × 𝑇𝑒𝑎𝑚 + 𝛽5 × 𝑈𝑛𝑖𝑜𝑛 + 𝛽6 × 𝐸𝑛𝑐𝑙𝑜𝑠𝑒𝑑 𝑉𝑎𝑛 + 𝛽7 × 𝑤ℎ𝑖𝑡𝑒 + 𝛽8 × 𝐻𝑖𝑔ℎ 𝑆𝑐ℎ𝑜𝑜𝑙 
+𝛽9 × 𝑎𝑔𝑒 + 𝛽10 × 𝑎𝑔𝑒
2 + 𝜖   
The dependent variable, ln(WH), is the natural logarithm of weekly work hours. The 
independent variables are defined as follows. 
Non-driving represents an indicator variable which equals one if drivers are paid for non-
driving duties at least in part. This is the coefficient of primary interest. 
We use other variables defined in Section 5. The rationale for incorporating each variable 
in the model is the following.  
ln(mileage rate) represents the natural logarithm of mileage rates, which is calculated by 
dividing annual income by annual miles driven. As the previous section mentions, this is a rough 
estimate of mileage rate. In contrast with Belzer and Sedo (2018), we do not use a quadratic 
specification for mileage rate since the coefficient for the quadratic term is statistically insignificant. 
Union: This variable is included to control for the bargaining power of the labor union, 
though the percentage of union members in the survey is quite small. The t-test also does not 
indicate a statistically significant difference in mileage rate between union and non-union drivers. 
However, Belzer and Sedo’s mileage rate equation shows that union drivers receive higher pay than 
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non-union drivers (Belzer and Sedo, 2018). This implies that union drivers may work under more 
generous conditions though some of these conditions cannot be observed. 
Team: The effect of team driving on work hours is not clear theoretically. Team driving 
may decrease work hours because drivers may be able to sleep longer. On the other hand, team 
driving can be used to operate trucks longer, particularly at night time, which may increase work 
hours. The previous literature does not analyze the effect of team driving on work hours. Though 
the effect is not clear, we control for it in the regression model.  
Less-than-Truckload (LTL): Drivers in the LTL sector may be relatively better paid than 
those in the TL sector. There are a couple of reasons for this. First, though both sectors are 
competitive, the competition is less intensive in the LTL sector than in the TL sector due to higher 
entry barriers (Burks et al., 2010). With less competition and higher freight rates per ton-mile in 
this sector, LTL drivers may work under better conditions. Though mileage rates in the LTL and 
TL sectors are not significantly different, other unobservable difference in working conditions may 
exist between the two sectors. Second, the LTL sector carries relatively expensive freight (Burks, 
et al., 2010), which may induce LTL trucking firms to offer drivers more generous work conditions 
to hire drivers with higher human capital. 
We also employ other controls: Enclosed Van, High School, White, and age.  
Finally, we use an OLS to estimate the regression. Theoretically, mileage rate and work 
hours can be determined simultaneously. Thus, these two variables can be endogenous, which 
normally justifies the use of a two-stage least square model (2SLS). That is, we should make the 
fitted values of mileage rates by using instruments and employ the fitted mileage rates, as done by 
Belzer and Sedo. However, the F-statistics of the first stage regression is lower than 2 with the 
instruments available in the data. In addition, the R-squared for the first stage regression is smaller 
than .10. This suggests that the 2SLS may suffer from statistical bias due to weak instruments. 
Therefore, we employ an OLS instead of 2SLS in this study. The result for the first stage regression 
also is shown in at the end of section 7 to reveal the weak instrument problem. This auxiliary result 
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for the first pay rate equation is shown in section 7 to show that the 2SLS is not an appropriate 
statistical method in the context of this study.  
7. Results 
Table 4-3 shows the result for the OLS estimation of the regression. The coefficient for 
non-driving pay is negative and statistically significant at the 1 percent level. The coefficient for 
Less-than-Truckload is significant at the 5% percent level. The other coefficients excluding the 
intercept are insignificant. 
Appendix C provides the Pearson coefficients between independent variables. The result 
indicates that the Pearson correlation coefficients are quite small. Thus, multi-collinearity does not 
seem to be very serious in this model. 
Table 4-3 The Results for the Work Hours Equations: Dependent Variable=ln(Weekly Work 
Hours)  
Variables Model (1) Model (2) Model (3) 
Intercept 4.08*** 4.10*** 4.51*** 
 (0.03) (0.036) (0.29) 
Non-driving Pay -0.093*** -0.089*** -0.089*** 
 (0.034) (0.034) (0.034) 
ln(Mileage Rate) -0.029 -0.023 -0.022 
 (0.026) (0.026) (0.026) 
Less-than-Truckload -0.10** -0.10** 
  (0.042) (0.042) 
Team  -0.0084 -0.034 
  (0.05) (0.052) 
Union  -0.11 -0.11 
  (0.10) (0.10) 
Enclosed Van 0.0037 -0.0036 
  (0.034) (0.034) 
White   -0.042 
   (0.037) 
Education  -0.078 
   (0.041) 
Male   -0.004 
   (0.069) 
Married   0.0063 
   (0.034) 
Age   -0.01 
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   (0.012) 
Age^2   0.000081 
   (0.00013) 
    
N 715 715 715 
F-statistic 4.34** 2.67** 2.10* 
R-squared 0.012 0.022 0.034 
Adjusted R-squared 0.0093 0.013 0.018 
Notes: ***p<0.01; **p<0.05; *p<0.1. All p values are for two-tailed tests. Non-driving pay 
distinguishes drivers who are paid for non-driving duties at least in part from those who are not 
paid for non-driving duties at all. If non-driving pay is paid, drivers are not necessarily paid for 
all non-driving duties.  As long as they are paid for some non-driving duties, the variable equals 
one. ln(Mileage Rate) is the natural log of the ratio of (Annual Income/Annual Miles Driven). 
Enclosed Van distinguishes drivers who drives enclosed vans from those who drives other trucks. 
Education distinguishes drivers who have a high school diploma from those who do not have one. 
Male distinguishes male drivers form female drivers. 
 
8. Discussion and Limitation 
The results show that paying for non-driving work curtails truck drivers’ work hours 
significantly, supporting the target income hypothesis. Since non-driving pay enables drivers to 
achieve their target level of income more quickly, drivers who are paid for non-driving 
responsibilities work fewer hours. In the absence of non-driving pay, drivers try to compensate for 
the loss of their income by working longer hours. This result and hypothesis are consistent with 
Belzer and Sedo (2018), who find that unpaid time increases drivers’ work hours. The U.S. 
Department of Transportation Office of Inspector General (2018) also reports that longer detention 
time significantly increases the risk of truck crashes. This may be due to increased work hours and 
fatigue, which are caused by unpaid non-driving time—especially when such non-driving labor 
exceeds two hours at a time. 
Unlike Belzer and Sedo (2018), mileage rate does not have a significant effect on work 
hours. This may be due to the quality of the NIOSH data on mileage rate. As discussed above, in 
the current paper, mileage rate is a rough approximation which is computed from annual income 
and annual miles driven. The mileage rate thus computed includes the remuneration (or lack of it) 
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for non-driving work. Belzer and Sedo, in contrast, can use the mileage rate rate which is paid 
specifically for driving work and which varies depending on freight because the data they use 
provide a specific rate. This difference in the quality of the data may disturb our result. 
Though it is not a primary interest of this study, the result also shows that LTL drivers 
seem to work fewer hours. This may be due to the fact that the LTL sector may be less exposed to 
competition than the TL sector but it also may be due to operational characteristics of LTL. While 
most LTL carriers operate across specific intercity routes between regular and predicable loading 
and unloading points, many TL carriers operate on irregular routes and provide much less 
predictability to the driver. An indirect support for this hypothesis is that in the LTL sector, fewer 
drivers report that they have been assigned unrealistic time delivery schedules by their employers 
or clients. In the NIOSH data survey, 22.46 percent of TL drivers answer that they have never been 
assigned unrealistic delivery schedules while 31.72 percent of LTL drivers answer that they have 
never been assigned unrealistic delivery schedules. 
A limitation of this study is that the quality of the data on work hours may not be high. 
Weekly work hours in the NIOSH survey data are those in seven days counted from the date of the 
survey. In whichever sector drivers may work, their work is based on work shifts. Truck drivers’ 
work hours can vary depending on their tasks. Once they leave their original domicile, they may 
need to do one delivery after another, depending on employer requirements. Therefore, work hours 
which are reported in the NISOH survey may not be representative.  
9. The Policy Implication 
The policy implication of this study is that remunerating drivers for non-driving duties can 
potentially prevent drivers’ excessive work, which may reduce drivers’ safety and health problems. 
As Saltzman and Belzer (2002) point out, both of these problems should be recognized as negative 
externalities caused by drivers’ excessively long hours. This analysis shows that more than half of 
all long-haul truck drivers work 63 hours a week or more, and these drivers may violate the HOS 
regulations. This implies that more than half of the drivers are in a condition perilous to the public 
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as well as themselves. In particular, as Williams and Monaco (2001) point out, truck drivers who 
violate the HOS regulation are more likely to have crashes. If so, resolving drivers’ excessive long 
hours seems to be an urgent policy agenda. As Jensen and Dahl (2009) suggest, the HOS regulations 
contribute to improving safety.  
 
  
68 
 
  
CHAPTER 5 CONCLUSION 
The three papers analyzed how working conditions and compensation affect safety and 
health. The first paper suggests that more generous compensation leads to better safety performance. 
Drivers with higher mileage rate and employment-based health insurance have a lower probability 
of committing moving violations. The second paper suggests that drivers working longer hours are 
more susceptible to hypertension. The third paper suggests that drivers remunerated for non-driving 
work tend to work fewer hours.  
The implication of these papers is that generous compensation and working conditions may 
enhance safety performance and health among drivers. This implication is supported by previous 
studies. For example, Rodríguez et al. (2003) and Rodríguez et al. (2006) suggest that better 
compensation decreases the probability of having crashes. Belzer and Sedo (2018) find that greater 
compensation may make drivers work fewer hours, which may result in better safety performance. 
Yang et al. (2006) and Yoo et al. (2014) find that longer work hours are associated with higher risk 
of hypertension. While Nakanishi et al. (2001) argue that there is no positive correlation between 
work hours and risk of hypertension, this may be because patients with serious symptoms work 
fewer hours for fear of further progress of hypertension. With these previous studies, the current 
papers support the hypothesis that compensation and work conditions play an integral role in safety 
performance and health among drivers. 
The current papers have several limitations. First, the quality of the data on compensation 
and working conditions is less than ideal. For example, due to the unavailability of the data on 
mileage rates, we used annual income per mile driven as its approximation, which was calculated 
by dividing annual income by annual miles driven. Because annual income includes remuneration 
for non-driving work, annual income per mile driven is biased upward relative to mileage rate, 
which is paid specifically for driving trucks. Moreover, we did not know important information 
about fringe benefits. For instance, the quality of employment-based health insurance is totally 
unknown, which is a problem common to Rodríguez et al. (2004). Second, though the third paper 
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finds that work hours are negatively related to health, the relationship between compensation and 
health is not clear. We have not found a significant relationship between compensation and health 
in the NIOSH survey. Previous studies, however, find a linkage between compensation and health 
(Leigh and Du, 2012; Kim and Leigh, 2010; Lenhart, 2017). It is not clear if the absence of their 
linkage in the current paper is due to the quality of data as mentioned in the first point.  
In the current papers, we used classic generalized linear models: OLS, count variable 
regressions, and binary response models. Assuming the linear relationship between them, we 
estimated the marginal effect of independent variables on a dependent variable. This is the same 
approach as studies cited throughout the current papers. A different approach may also be possible. 
Safety performance and health are unobservable latent variables which are partly explained by 
observable variables, such as moving violations and hypertension. Latent variables may be modeled 
as structural equation (SEM) models. The benefit of SEM models is that we can analyze the 
complicated causal paths and direct and indirect effects explicitly. The application of SEM models 
to safety and epidemiological studies has a plethora of examples (Siu et al., 2004; Seo et al., 2015; 
Barling et al., 2002). For example, work conditions affect safety performance directly whereas it 
affects safety performance indirectly via an intermediate factor, such as health. Indeed, some 
studies show that obesity may be related to safety performance (Anderson et al., 2012; Zhu et al., 
2006; Cantor et al., 2010). The application of SEM to the analysis of truck driver safety may 
produce interesting results and implications. 
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APPENDIX A. THE PEARSON CORRELATION COEFFICIENTS (CHAPTER 2)   
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APPENDIX B. THE PEARSON CORRELATION COEFFICIENTS (CHAPTER 3) 
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APPENDIX C. THE PEARSON CORRELATION COEFFICIENTS (CHAPTER 4) 
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ABSTRACT 
 
STATISTICAL ANALYSIS OF THE EFFECT OF WORK CONDITIONS ON SAFTY 
AND HEALTH IN THE U.S. LONG-HAUL TRUCKING IMDUSTRY: EVIDENCE 
FROM THE NIOSH SURVEY DATA 
 
by 
TAKAHIKO KUDO 
August 2019 
Advisor: Dr. Michael H. Belzer 
Major: Economics 
Degree: Doctor of Philosophy 
Chapter 1 reviews the literature which analyzes the effect of compensation and working 
conditions on safety and health. 
Chapter 2 analyzes how truck drivers’ compensation affects their safety performance, using 
moving violations as a proxy for safety. In addition to drivers’ pay per mile driven, we employ 
fringe benefits as independent variables. The result suggests that the rate of pay per mile driven, 
and employment-based health insurance, significantly decrease the probability of moving 
violations. The result provides support for the hypothesis that high compensation for drivers 
improve drivers’ safety performance, though other forms of compensation are not significantly 
related to the incidence of moving violations. 
Chapter 3 analyzes how truck drivers’ working conditions affect health. We use 
hypertension as a proxy for health. Hypertension is a common illness among commercial motor 
vehicle drivers, including long-haul truck drivers. Few studies analyze how working conditions, 
including wages and work hours, might lead to hypertension among long-haul truck drivers. We 
hypothesize that long-haul truck drivers’ hypertension is due to excessive work hours rather than 
age or BMI. Using a multinomial logit model, we find that that longer work hours are associated 
with a higher probability of suffering from hypertension, as expected. However, drivers who take 
medication for hypertension also work fewer hours per week, suggesting that they are proactive in 
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reducing their work intensity as well as taking their medicine in order to combat this illness. Since 
drivers face trade-off between income and health, drivers who take medication for hypertension 
also seem to accept lower overall earnings by working fewer hours in order to forestall worsening 
hypertension.  
Chapter 4 analyzes hoe non-driving pay affects drivers’ work hours. In the trucking 
industry, truck drivers’ duties include not only driving trucks but also non-driving labor. However, 
non-driving work is not necessarily paid. This paper analyzes how the payment for non-driving 
duties (non-driving pay) affects truck drivers’ work hours. This study finds that remunerating 
drivers for non-driving duties decreases drivers’ work hours. The policy implication of this result 
is that paying non-driving pay can prevent drivers from working excessively long hours, which 
may mitigate fatigue. Thus, pay for non-driving labor may possibly enhance their safety and health. 
Chapter 5 is the conclusion.  
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